Decentralized Non-Convex Optimization and Learning

over Heterogeneous Networks

Submitted in partial fulfillment of the requirements for
the degree of
Doctor of Philosophy
mn

Electrical and Computer Engineering

Ran Xin

Department of Electrical and Computer Engineering
Carnegie Mellon University
Pittsburgh, PA 15213

August 2022



© Ran Xin, 2022
All rights reserved.



iii
Acknowledgements

I want to express my earnest gratitude to my PhD advisor, Soummya Kar, for his wisdom, trust, patience,
guidance, and encouragement throughout the years. He brought me to CMU, was always on my side and
advocating our work. I greatly appreciate the independence and freedom he provided me in research, which
made my life in CMU enjoyable and exciting. I am indebted to my advisor at Tufts, Usman A. Khan. He
introduced me to the academic world at the beginning of my graduate study and accompanied me to the
end of my PhD journey. I benefited tremendously from numerous discussion with him, beyond research, and
it is not an overstatement to say that he shaped me to a better person. Soummya and Usman are the best
advisors ever — thank you for everything.

I would like to extend my gratitude to my PhD thesis committee members, Soummya Kar (chair), Usman
A. Khan, José M. F. Moura, Anna Scaglione, and Virginia Smith, for their time and invaluable comments in
shaping the content of this thesis and my research presentations. I acknowledge my research group members,
Carmel Fiscko, Shuhua Yu, Meiyi Li, and Aleksandar Armacki for their insightful feedback in lab meetings
and practicing job talks.

I am very grateful to my friends in graduate study. Many thanks to my "basement" fellows, Shuhua Yu,
Tian Tong, Jiacheng Zhu, Yingsi Qin, Yuting Deng, Yuhang Yao, Yuwei Qin, Zhuoyuan Wang, Laixi Shi,
Hanjiang Hu, Boyue Li, Xiang Wang, and Qin Wang for all the fun and hilarious moments we enjoyed
together. I sincerely appreciate Tian Tong, Chenguang Xi, Mengyue Hang, Jianyu Wang, Xiaofei Guo, and
Yixuan Yuan, who offered me their generous help in my job search. Special thanks go to Weitong Ruan and
Xin Zheng, for their extensive help and constant encouragement along the way. Thank you all — I would not
have made it this far without you.

Finally, I thank my parents for their unconditional love and for being my role models. To them I dedicate
this thesis.

This thesis is supported partially by NSF under award #1513936 and the Carnegie Institute of Technology

Deans Fellowship.



iv

Abstract

We study decentralized optimization and learning problems, where a network of n nodes, such as machines,
edge devices, and robot swarms, cooperatively minimizes a finite sum of cost functions by means of local in-
formation processing and communication with neighboring nodes. Decentralized optimization has emerged
as a promising framework for large-scale machine learning and signal processing problems. It is funda-
mentally important in scenarios where data samples are geographically distributed and/or centralized data
processing is infeasible due to computation and communication overhead or data privacy concerns. Although
decentralized optimization has been extensively researched under convexity over the past decade, the field
still lacks a sound understanding of how to achieve optimal complexities when the underlying problems of
interest become non-convex. In this thesis, we construct provably efficient decentralized stochastic first-
order gradient methods for several important classes of non-convex problems with online or offline data,
with the help of gradient tracking and variance reduction techniques. In particular, we prove that the pro-
posed algorithms, in regimes of practical significance, achieve network topology-independent computation
complexities that match the centralized lower bounds for the corresponding problem classes. This network
topology-independence property further leads to the linear speedup of decentralized stochastic optimiza-
tion algorithms under arbitrary network topologies, in that, the total number of gradient computations at
each node is reduced by a factor of 1/n compared to the centralized optimal algorithms that perform all
gradient computations at a single node. We also discuss several techniques to balance the computation-
communication trade-offs in the proposed algorithms. Our algorithmic frameworks and their companion
analyses are constructed and developed in a systematic manner and may be generalized to other problems of
interest. Extensive numerical experiments with both real and synthetic datasets are included to demonstrate

our main theoretical results.
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Chapter 1

Introduction

1.1 Motivation and background

Minimizing a cost function to select an optimal action or decision has been an important problem in science,
engineering, and mathematics. The cost function, say F' : RP — R, typically quantifies the loss in fitting data
or measurements under a model parameterized by x € RP. An optimal model or decision x* is often chosen
as the one that minimizes the corresponding loss F. Optimization theory and algorithms [5-11] provide the
fundamental tools to address such problems. Examples include the classical signal estimation and optimal
control problems, where the goal in the former is to minimize the estimation error and in the latter is to
minimize the cost of control actions. More recently, with the advent of modern computational machinery,
complex nonlinear problems, such as image classification and natural language processing, have enabled a
resurgence of interest in the domain of optimization theory and methods.

In this thesis, we investigate decentralized stochastic optimization, where data samples and noisy signal
observations are available across multiple nodes, such as machines, sensors, robots, or mobile devices. The
nodes communicate with each other according to a peer-to-peer network, without a central coordinator,
and solve the underlying optimization problem in a cooperative manner. Such problems are prevalent in
modern-day machine learning and signal processing where, for example, a large collection of images are
stored on multiple machines in a data center for the purpose of image classification. Moreover, classical
applications like sensor networks and robotic swarms also fit this paradigm where the sensors and robots
collect measurements in a decentralized manner in order to learn an underlying phenomenon, navigate an
environment, or decide on an optimal control action. In such settings, the data samples available at the i-th
node lead to a local cost f;, and the goal of the networked nodes is to agree on a minimizer of the global cost

F=1 >, fi based on the data across all n nodes. In related applications of practical interest, raw data

T n
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sharing among the nodes is often not permitted due to the private nature of data, such as text messages
and medical images, or is inefficient due to limited communication resources. Decentralized first-order
optimization methods thus rely on information exchange among the nodes and local gradient computation
to build the solution of the global optimization problem. In these methods, each node i retains a local state
variable x! that is an estimate of a minimizer x* of the global cost function F at iteration ¢, and recursively
updates this estimate according to the estimates of the neighboring nodes and local gradients, and perhaps
a few other auxiliary variables. In other words, the nodes do not share their raw data directly.

The formulation of decentralized stochastic optimization in general can be divided into two types: (i)
online/streaming data, where an imprecise (stochastic) gradient is computed based on data samples drawn
randomly from an underlying probability distribution at each node; or (ii) offline/batch data, where a finite
collection of data samples is available locally at each node and a stochastic gradient is computed from samples
drawn randomly from the local batch. In this thesis, we develop algorithmic frameworks and complexity

results for both online and offline formulations.

1.2 Canonical formulations of decentralized optimization and examples

1.2.1 Canonical formulations

We introduce the canonical forms of the decentralized optimization problems in the following. We consider n
nodes, such as machines or edge devices, communicating over a decentralized network described by a directed
graph G = (V,€), where V = {1,--- ,n} is the set of node indices and & C V x V is the collection of
ordered pairs (i,7), ¢, € V, such that node r sends information to node 7. Each node i possesses a private
local cost function f; : RP — R and the goal of the networked nodes is to solve, via local computation and

communication, the following optimization problem:

min F(x) := % > filx). (1.1)
i=1

x€ERP

Here, each f; is only locally accessible and processed by node i and is not shared with any other nodes,
since it encodes the local data. We emphasize that the cooperation (information exchange) among the
nodes is peer-to-peer without the existence of a central coordinator; see Fig. 1.1. It can be observed that the
paradigm of decentralized optimization described above preserves the privacy of local data and achieves data
parallelism, thus enabling effective means for flexible parallel computation. In this thesis, we mainly focus
on the settings where each local cost function f; is non-convex, motivated by the applications in deep neural
networks [12] and robust learning [13]. Our goal is to design and analyze efficient decentralized optimization

algorithms that find a first-order stationary point x* of the global cost function F' such that | VF(x*)| = 0.
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Figure 1.1: Decentralized Optimization: distributed optimization over a graph.

1.2.2 Examples

Problems (1.1) is quite prevalent in signal processing and machine learning problems [14-18]. We provide

some representative examples below.

1.2.2.1 Signal-plus-noise model

In classical signal processing, we are often interested in finding an unknown signal x* € RP based on the
measurements y; = h; x* + v;, obtained by a collection of sensors indexed by 4, where h; € R is the sensing
vector at sensor ¢ and v; € R is the measurement noise. Finding x* € RP at each sensor 7 may be formulated
as a local minimization problem in terms of the squared error, i.e., minyege (¥ hT ) . However, since this
problem may be ill-conditioned and the collected measurements have noise, collaboration among the sensors

often leads to a much more robust estimate. The resulting formulation, in the form of Problem (1.1), is

mmfoz ), fix) = (y: — h{x)*,

x€ERP N

which is also known as the least-squares problem [19].

1.2.2.2 Expected risk minimization

Problem (1.1) also appears in (online) expected risk minimization [7]. In this context, the goal is to find
some model H, parameterized by x € RP, that maps an input z € R% to its corresponding output y € R%.
The setup requires defining a loss function £(#H(z;x),y) that quantifies the mismatch between the model
prediction H(z;x), under the parameter x, and the actual output data y. Assuming that each node i in the
network obtains samples in real time from an underlying data stream with distribution D;, the goal of the
networked nodes here is to find the optimal parameter x* that minimizes the average of the expected losses

across the network, i.e.,

min *Zfz )s fi(%) =By~ [£ (H(2i%), yi)] (1.2)

x€RP N
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Figure 1.2: An illustration of cloud-based, federated, and decentralized learning in the context of distributed
training of machine learning models.

The formulation (1.2) is also known as decentralized online stochastic optimization [4,19-21]. We will provide

efficient algorithms and optimal complexity results for this formulation in Chapter 4, 5, and 6.

1.2.2.3 Empirical risk minimization

In practice, each node often has access to a large set of offline data samples {(z; ;,y;, j)};”il drawn from D;

described in (1.2), in stead of sampling in real time. In this case, the average loss incurred by all offline

data samples across all nodes serves as an appropriate surrogate for the expected risk (1.2) and the resulting
problem is often referred as (offline) empirical risk minimization, i.e.,
n

1
min — E
xXERP N 4

i=1

ST 00, Fa(6) = £ (%), vi). (13)
L

The formulation (1.3) is also known as decentralized finite-sum optimization [22-24]. Chapter 2, 3, and 6

discuss how to leverage variance reduction methods to solve this formulation efficiently, where we provide
optimal complexity results for non-convex problems.
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1.2.3 Advantages over centralized server/worker architectures

In the context of large-scale distributed training of machine learning models, various centralized server /worker
programming models and system architectures have been proposed, such as cloud-based learning, MapRe-
duce [25], and federated learning [16], which are tailored for specific computing needs and environments; see
Fig. 1.2 for a simple illustration. Such server/worker architectures, although provide scalable solutions, may

not be desirable in certain scenarios, described in the following.

o Communication bottleneck. When training large-scale machine learning models with a server /worker
architecture, the server is often required to constantly push and pull information of very high dimen-
sions from all local workers [26]. In this case, the server could become a communication bottleneck,
for instance, in federated learning applications where a massive amount of edge devices cooperatively
trains a model of large size over a wireless network [16]. Conversely, the communication in a decentral-
ized network is generally much sparser in the sense that each node only talks to its several neighboring
nodes specified by the topology [27]. Decentralized topologies thus achieve faster wall-clock time than
the centralized server/worker architectures for each round of communication in network [14, 28, 29].
Leveraging this fact, in this thesis, we demonstrate by rigorous mathematical arguments that decentral-
ized optimization, when properly designed, achieves gradient and communication complerities' that
are comparable to the centralized optimal ones in practical regimes of interest, thus reducing total run
time required for training. This outperformance of the decentralized over the centralized is particularly

significant if the communication network is of high latency and/or low bandwidth [2].

» System robustness. The operation of a server/worker architecture relies heavily on the functionality
of the central server. Therefore, the underlying training system may be vulnerable to malicious attacks,
as the server is a single point of failure [30]. On the contrary, decentralized optimization methods are

applicable as long as the communication network remains connected and are therefore more robust [15].

o Flexibility. When enormous data is generated in a local and streaming fashion from a large number of
mobile, geographically dispersed, heterogeneous devices, e.g., in the Internet of Things (IoT), one needs
a paradigm shift from a server/worker to a peer-to-peer network, since the latter eliminates the need for

specialized central coordinators and is based on flexible, non-deterministic, local communication [31].

e Power consumption. In federated optimization scenarios, workers typically communicate with the

server through long-distance wireless transmission, where the overall power consumption can be quite

1The complexities here refer to the total number of gradient computation and communication required for decentralized
algorithms to achieve certain accuracy for the underlying optimization problem.
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large since the transmission power is often proportional to the squared distance. On the other hand,
decentralized networks enable short-distance communication between the nodes, when a geometric
nearest-neighbor graph is deployed.? As a consequence, decentralized optimization methods are appli-

cable and more efficient in scenarios where the power budget at each node is limited [32].

Motivated these facts, we study decentralized optimization throughout the thesis.

1.3 Decentralized gradient descent and its stochastic variants

In this section, we present and discuss the construction, intuition, and performance of decentralized gradient
descent (DGD) and its stochastic variant (DSGD) [19,21,33,34]. It is worth noting that they are the very

first decentralized optimization methods and are the prototype of many sophisticated approaches in the field.

1.3.1 The basic average consensus algorithm

At each node i, given the current estimate x of the solution at iteration ¢, related decentralized first-order

optimization algorithms typically involve the following steps:
1. compute local (stochastic) gradients of the local function f;;
2. fuse information with the available neighbors;
3. update the local estimate x! 41 according to a specific optimization protocol.

Recall that each node in the network only communicates with its neighbors and only has partial knowledge of
the global objective, see Fig. 1.1. Due to this limitation, an information propagation mechanism is required
that disseminates local information over the entire network. Decentralized optimization thus has two key
components: (i) agreement or consensus — all nodes must agree on the same state; and, (ii) optimality — the
agreement should be on a stationary point of the global objective F'. Average-consensus algorithms [35] are
information fusion protocols that enable each node to appropriately combine the vectors received from its
neighbors and to agree on the average of the initial states of the nodes. They thus naturally serve as basic
building blocks in decentralized optimization, added to which are local gradient corrections that steer the
agreement to a global stationary point.

To describe average-consensus, we first associate the communication graph with a primitive and doubly-
stochastic weighted adjacency matrix W = {w,.} € R™*" such that w;,. # 0 if and only if node r sends

information to node i in the graph. Clearly, we have W1,, = 1,, and WT'1, = 1,, where 1,, € R” is the

2In geometric graphs, two nodes are connected if and only if they are in physical vicinity.
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column vector of n ones. There are various ways of constructing such weights in a decentralized manner.
Popular choices include the Laplacian and Metropolis weights; see, e.g., [27] for details. The basic average-
consensus algorithm [35] is given as follows. For all ¢t > 0, each node 4 starts with some vector x{ € R? and
updates its state according to

n
7 _ . r
XtJrl - Z WirXy -
r=1

This update can be written in a vector form as

X1 = (W IL)x, (1.4)

where x; = [xtlT, - ,xPT]T € R™ and ® denotes the Kronecker product. Since W is primitive and

doubly-stochastic, from the Perron-Frobenius theorem [36], we have

1
lim W' = ~1,1,
n

t—oco”
and therefore the states in average consensus follow
. T t _ —
tlggoxt o tlgglo(ﬂ(@Ip) Xo = 1n ®Xo
where

(15 & Ip)XO
e

X =

In other words, the average consensus protocol in (1.4) enables agreement among the nodes on the average X
of the initial states. It can be further shown that (1.4) converges at a linear rate of A* [36], where A € [0, 1)

is the second largest singular value of W.

1.3.2 Construction of DSGD and its basic intuitions

With the agreement protocol (1.4) in place, we now introduce the well-known decentralized gradient descent
(DGD) built on top of it and provide basic intuitions. The update rule of DGD [21,33,37] is described as

follows. Each node i starts with an arbitrary x}, € RP and updates, for all ¢ > 0, according to
n
Xiy1 = Z%«X? —a;Vfi(x}), (1.5)
r=i

where «; is the step-size. Indeed, DGD adds local gradient corrections to average-consensus (1.4). In order
to understand the iterations of DGD, we write them in a vector form. Let x; and Vf(x;) collect all local
states and gradients, respectively, i.e., x; := [xtlT, —,xPT)T and VE(x) = [Vfl(x%)—r, eV a(xm)TT,

both in R™. Then the update of DGD can be compactly written as

i1 = (W@ L)x: — a VE(xy¢). (1.6)
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We further define the average X, := 1 (1, ®I,,)x; of the local states at time ¢ and multiply both sides of (1.6)

by (1} ®1I,) to obtain:
_ _ 1) ®1,)Vf (x
Xt11 = Xt —O[t( 17)’3 ( t). (17)

Based on (1.6) and (1.7), it can be observed that the consensus matrix W makes the states {x{} ; at the
nodes approach their average X;, while the average gradient %(1;'; ®1,)VE (x¢) steers X; towards a stationary
point of F'. The overall DGD protocol thus ensures agreement and optimality simultaneously, the two key
components of decentralized optimization as we described before.

For large-scale machine learning and signal processing problems, DSGD, a stochastic variant of DGD, is
often used in practice [19,37-39]. The basic update of DSGD is described as follows. Let x! € RP denote

the state at node i and iteration ¢. For all ¢ > 0, DSGD performs
n
Xt = Zwmc? — 8y, (1.8)
r=1
where g! € R? is a stochastic gradient such that E[g!|xi] = V fi(x}). DSGD is popular for several inference
and learning tasks due to its simplicity of implementation and speedup in comparison to centralized SGD
algorithms [2]. DSGD and its variants have been extensively studied for different computation and communi-
cation requirements, e.g., momentum [40], directed graphs [41], escaping saddle-points [42,43], zeroth-order
schemes [44], swarming-based implementations [45], and constrained problems [46].
1.3.3 Challenges with DSGD
When each f; is non-convex, the performance of DSGD however suffers from two major challenges:
o the non-degenerate variance of the stochastic gradients at each node;

o the heterogeneity among the local functions/data across the nodes.

To elaborate these issues, we recap the convergence results of DSGD (1.8) when each local function f;
is smooth and non-convex. Let us assume the bounded variance of each local stochastic gradient gt, the

bounded heterogeneity between the local and the global gradient [2], i.e., for some v > 0 and ¢ > 0,
. o 1<
su})E[Hgf&—Vfi(x;)H } < ? and suﬂg EZHVﬁ(x)—VF(X)H2 <
b xeRP =1

and the L-smoothness of each f;. Then it is shown in [2] that, DSGD achieves an e-accurate stationary point

x* of the global function F' such that E[|VF(x*)|]] <€ in

L2 L22 L22
O<V+n1/+ng> (1.9)

net (1= | (1—\)2e
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iterations, where A € [0,1) is the second largest singular value of the network weight matrix W. The
complexity bound of DSGD in (1.9) is the summation of three terms: the first term matches the iteration
complexity of the centralized SGD with minibatch size n [47]; the second term reveals how the decentral-
ized network topology affects the run time of DSGD; and the last term reveals the adversarial impact of

heterogeneous data on DSGD. Clearly, there are two major issues with the convergence properties of DSGD:

o The bounded heterogeneity assumption on the local and global gradients [2,41,43] or the coercivity of
each local function [42] is essential for establishing the convergence of DSGD. In fact, a counterexample
has been shown in [15] that DSGD diverges for any constant step-size when these types of assumptions
are violated. Furthermore, the theoretical and practical performance of DSGD degrades significantly
when the local and the global gradients are substantially different, i.e., when the data distributions

across the nodes are largely heterogeneous [3,4,20].

e Due to the non-degenerate stochastic gradient variance, the gradient complexity of DSGD does not
match the centralized lower bounds for several fundamental classes of stochastic and finite-sum non-

convex optimization problems [48-50].

This thesis designs and analyzes new decentralized optimization algorithms that improve the complexity
bounds and practical performance of DSGD by tackling the above issues. In particular, we address the first
issue by the gradient tracking technique, e.g., [51-56], described in the next section, and the second issue

with the help of variance reduction schemes, e.g., [48-50,57—64].

1.4 The gradient tracking technique

The gradient tracking technique was proposed to address the impact of heterogeneous data across the nodes
in the convergence of decentralized optimization methods [51-56,65] and is a key ingredient of the algorithms
proposed in this thesis. To present the intuition behind the gradient tracking technique, we first recall the
iterations of the (non-stochastic) Decentralized Gradient Descent (DGD) with a constant step-size in (1.5).
Let us first assume, for the sake of argument, that all nodes agree on a stationary point x* of the global

function F' at some iteration ¢, i.e., x; = x*,Vi. Then at the next iteration ¢ + 1, we have
n
X =Zw"x* —aVfi(x*) =x" — aV fi(x*) # x7, (1.10)
r=1

where the equality uses the fact that W = {w,,.} is doubly-stochastic and the last equality holds because
fi # F in general. In other words, x* is not necessarily a fixed point of the DGD algorithm. Of course,

replacing the local gradient V f; (x}) in the DGD algorithm with the gradient VF (x}) of the global function
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overcomes this issue but the global gradient is not available at any node due to the decentralized topology.
The natural yet innovative idea of gradient tracking is to design a local iterative gradient tracker y! that
asymptotically approaches the global gradient VF (X@) as xi approaches x* [52-56, 65]. Gradient tracking
is implemented with the help of dynamic average consensus (DAC) [51], briefly described next.
In contrast to classical average-consensus [35] that converges to the average of fixed initial states, DAC [51]
tracks the average of time-varying signals. Formally, each node i measures a time-varying signal s! and the
n

goal of all nodes is to collaboratively track the average s; := % Yot st of these signals. For all ¢ > 0, the

DAC protocol is given as follows. Each node i iteratively updates its estimate y? of §; as

n
Yiq1 = Zwiryl’ + 8t — st (1.11)
r=1
where y§ = s for all 4. It is shown in [51] that if lim;_, ||si,; — s}|| = 0, then we have that
. i =l —
Jim[ly; =5 = 0.

Clearly, in the aforementioned design of gradient tracking, the time-varying signal that we intend to track is
the average of the local gradients L Y7 | V f; (x}). We thus combine DGD (1.5) and DAC (1.11) to obtain
GT-DGD (DGD with Gradient Tracking) [52,54-56,65], as follows:

Xip1 = ZwiTXQ —a-y}, (1.12a)
r=1

)’i+1 = Zwiryz =+ vfi (Xi-&-l) - vfl (X;) ) (112b)
r=1

where yi) = Vf; (x}) for all i. Intuitively, as x; — X, and y; — £ 3" | Vf;(x}) = VF(X;), (1.12a) thus
asymptotically becomes the centralized batch gradient descent. GT-DGD consistently outperforms DGD
in heterogeneous data settings [14]. Although GT-DGD has been widely researched under convexity, see,
e.g., [36,52-54,66,67], its performance for the stochastic non-convex settings remains unclear. We address
this gap in Chapter 4. It is worth noting that all the algorithms proposed in this thesis use the gradient

tracking technique, in order to address the issue of heterogeneous local cost functions.

1.5 A brief literature review

Decentralized optimization, also known as distributed optimization over graphs, starts with several well-
known papers on decentralized gradient descent (DGD) [21,33, 34,37, 38|, where the focus was primarily on
signal processing and control problems defined in sensor and robotic networks. Since then many decentralized
methods with more sophisticated algorithmic structures have been proposed to improve the performance of

DGD from various computation and communication aspects. Decentralized first-order gradient methods that



CHAPTER 1. INTRODUCTION 11

improve the performance of DGD include, e.g., EXTRA [68], Exact Diffusion/NIDS [3,20,69], DLM [70],
and methods based on gradient tracking [4,54-56,65,67,71,72]; see also primal-dual frameworks [66, 73-75]
that unify the aforementioned methods under certain conditions. Dual gradient methods can be found in [71,
76,77]. Decentralized second-order algorithms that leverage curvature information of the cost functions to
accelerate the convergence can be found in [78-82]. Alternating direction method of multipliers (ADMM) and
its variants have also been used in decentralized optimization [83-89]. References [90-97] design algorithms
that adapt to communication and computation imperfection and trade-offs, e.g., time-varying and random
graphs, asynchronous execution, and quantization. In the context of decentralized non-convex optimization,
there have been results beyond finding first-order stationary points. For instance, [98] develops decentralized
annealing methods for finding a global minima in certain regularized non-convex problems. References [42,
43,99, 100] establish convergence of related algorithms to second-order stationary points. The work [101]
studies a family of non-convex non-smooth problems with the help of the generalized gradient.

The last decade has witnessed a vastly growing literature in the area of decentralized stochastic, convex,
and non-convex optimization problems; we invite the readers to, e.g., survey articles [14,15,27,31,102] and
the references therein, in addition to the work discussed above. Despite this fact, it appears that the field still
lacks a sound theory and understanding on how to achieve optimal gradient and communication complexities

for decentralized non-convex optimization under various stochastic settings. This thesis addresses this gap.

1.6 Contributions

The overarching theme of this thesis is to provide optimal gradient and communication complexity results
for finding first-order stationary points in several fundamental classes of decentralized stochastic non-convex
problems. In particular, we find various regimes of practical significance where the gradient complexity of
the proposed decentralized algorithms matches the centralized lower bound for the corresponding problem
classes. While retaining the optimal gradient complexities, we also achieve optimal communication com-
plexities by means of the mini-batch technique and multi-round accelerated consensus algorithms. In the

following, we describe the contribution of each chapter in this thesis.

1.6.1 Smooth strongly-convex finite-sum problems (Chapter 2)

In this chapter, we describe a novel algorithmic framework to construct decentralized stochastic variance-
reduced methods. The proposed framework, which we call GT-VR, is stochastic and decentralized, and thus is
particularly suitable for problems where large-scale, potentially private data, cannot be collected or processed

at a centralized server. The GT-VR framework leads to a family of algorithms with two key ingredients: (i)
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local variance reduction, that enables estimation of the local exact gradients from randomly drawn samples of
local data with reduced variance; and, (ii) global gradient tracking, which fuses the local gradient information
across the nodes to track the global gradient. Naturally, the integration of different variance reduction and
gradient tracking techniques leads to different algorithms of interest with valuable practical trade-offs and
design considerations. For instance, Chapter 2, 3, 5, and 6 respectively apply this framework to different
classes of optimization problems of interest.

In the context of smooth strongly convex functions, we focus on two instantiations of the GT-VR frame-
work, namely GT-SAGA and GT-SVRG, that exhibit a compromise between space and time. We show that
both GT-SAGA and GT-SVRG achieve linear convergence to the optimal solution for smooth and strongly
convex problems and further describe the regimes in which they achieve non-asymptotic, network topology-
independent linear rates that are faster with respect to the existing decentralized first-order schemes. More-
over, we show that both algorithms achieve a linear speedup in such regimes, in that, the total number of
gradient computations required at each node is reduced by a factor of 1/n, where n is the number of nodes,

compared to their centralized counterparts that process all data at a single node.

1.6.2 Smooth non-convex finite-sum problems (Chapter 3)

In this chapter, we consider decentralized minimization of N := nm smooth non-convex cost functions
equally divided over a network of n nodes, where each node possesses a local batch of m cost functions, i.e.,
data samples. In this context, we propose two decentralized stochastic variance-reduced gradient methods,

under the GT-VR framework described in Section 1.6.1, that achieve provably fast and robust convergence.

1.6.2.1 Stochastic recursive variance reduction

We propose GT-SARAH that employs a SARAH-type variance reduction technique and gradient tracking (GT) to
address the stochastic and decentralized nature of the problem. We show that GT-SARAH, with appropriate
algorithmic parameters, finds an e-stationary point with (9( max {Nl/r“7 n(1=X)"2,n*Pm'B(1—\)"1 }Le_z)
gradient complexity, where (1 — A) € (0,1] is the spectral gap of the network weight matrix and L is the
smoothness parameter of the cost functions. This gradient complexity outperforms that of the existing
decentralized stochastic gradient methods. In particular, in a big-data regime such that n = O(N'/2(1 — \)?),
this gradient complexity furthers reduces to O(N '/ 2Le~2), independent of the network topology, and matches
that of the centralized optimal variance-reduced methods. Moreover, in this regime GT-SARAH achieves a
non-asymptotic linear speedup, in that, the total number of gradient computations at each node is reduced

by a factor of 1/n compared to the centralized optimal algorithms that perform all gradient computations
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at a single node. To the best of our knowledge, GT-SARAH is the first algorithm that achieves this property.
In addition, we show that appropriate choices of local minibatch size balance the trade-offs between the
gradient and communication complexity of GT-SARAH. Over infinite time horizon, we establish that all nodes
in GT-SARAH asymptotically achieve consensus and converge to a first-order stationary point in the almost

sure and mean-squared sense.

1.6.2.2 Stochastic incremental variance reduction

We analyze the performance of the GT-SAGA algorithm proposed in Chapter 2 in the non-convex settings. For
general smooth non-convex problems, we show the almost sure and mean-squared convergence of GT-SAGA
to a first-order stationary point of the global cost function, and further describe regimes of practical signifi-
cance where it outperforms the existing approaches and achieves a network topology-independent iteration
complexity respectively. When the global function satisfies the Polyak-Lojaciewisz condition, we show that
GT-SAGA exhibits linear convergence to an optimal solution in expectation and describe regimes of practical

interest where the performance is network topology-independent and improves upon the existing methods.

1.6.3 Smooth non-convex online stochastic problems (Chapter 4)

In this chapter, we study decentralized non-convex optimization, where each node accesses its local function
by means of an online stochastic first-order oracle. Integrating the gradient tracking technique in decen-
tralized stochastic gradient descent, we show that the resulting algorithm, GT-DSGD, enjoys certain desirable
characteristics towards minimizing a sum of smooth non-convex costs. In particular, for general smooth
non-convex functions, we establish non-asymptotic characterizations of GT-DSGD and derive the conditions
under which it achieves network topology-independent performances that match the centralized minibatch
SGD. In contrast, the existing results suggest that GT-DSGD is always network topology-dependent and is
therefore strictly worse than the centralized minibatch SGD. When the global function additionally satisfies
the Polyak-Lojasiewics (PL) condition, we establish the linear rate of GT-DSGD up to a steady-state error
with appropriate constant step-sizes. Moreover, under stochastic approximation step-sizes, we establish, for
the first time, the optimal global sublinear convergence rate on almost every sample path, in addition to the
asymptotically optimal sublinear rate in expectation. Since strongly convex functions are a special case of
the functions satisfying the PL condition, our results are not only immediately applicable but also improve

the currently known best convergence rates and their dependence on problem parameters.
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1.6.4 Non-convex online stochastic problems with mean-squared smoothness

(Chapter 5)

In this chapter, we study decentralized non-convex optimization, where each node accesses its local function
by means of an online stochastic first-order oracle that satisfies a mean-squared smoothness property. In
this context, we propose, under the GT-VR framework described in Section 1.6.1, a novel single-loop decen-
tralized hybrid variance-reduced stochastic gradient method, called GT-HSGD, that outperforms the existing
approaches in terms of both the gradient complexity and practical implementation. GT-HSGD implements
specialized local hybrid stochastic gradient estimators that are fused over the network to track the global
gradient. Remarkably, GT-HSGD achieves a network topology-independent oracle complexity of O(n~1e=3)
when the required error tolerance e is small enough, leading to a linear speedup with respect to the centralized

optimal approaches for this problem class that operate on a single node.

1.6.5 Non-convex non-smooth composite problems (Chapter 6)

In this chapter, we focus on decentralized non-convex composite problems over networked nodes, where the
network cost is the average of local smooth non-convex risks plus an extended valued, convex, possibly non-
differentiable regularizer. To the best of our knowledge, the existing decentralized stochastic optimization
literature lacks non-asymptotic gradient and communication complexity results for this composite prob-
lem formulation. In this chapter, we address this gap by introducing a unified framework, called ProxGT,
that is built upon local stochastic gradient estimators and a global gradient tracking technique. We con-
struct several different instantiations of this framework by choosing appropriate local estimators for the
corresponding problem classes. In particular, we develop ProxGT-SA and ProxGT-SR-0 for the expected
risk, and ProxGT-SR-E for the empirical risk. Remarkably, we show that each algorithm achieves a net-
work topology-independent optimal gradient complexity with an optimal communication complexity for the

corresponding problem class.

1.7 Practical concerns and future directions

The major scope of this thesis is to achieve optimal gradient and communication complexities for decentral-
ized optimization in several classical and fundamental classes of stochastic non-convex problems. With the
help of these complexity results, we provide a theoretical justification to the fact that decentralized methods
can outperform the corresponding centralized ones for various machine learning and signal processing tasks.
In the following, we discuss some limitations of the convergence theory developed in this thesis from the

view of practical applications and implementations.
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e Deep learning models. The complexity theory developed in this thesis heavily relies on the Lips-
chitz smoothness assumption [6] made for the local cost functions that encode the underlying model
structure and local data, while we allow the existence of extended-valued non-smooth convex regular-
ization such as ¢;-norm and/or general closed convex constraints. This smoothness assumption holds,
e.g., for the family of non-convex generalized linear models with convex regularizers [13]. However, for
complex nonlinear problems such as large-scale natural language processing and image classification
tasks, deep neural networks like LSTM [103], ResNets [104], and Transformers [105] are often deployed
in practice. These deep learning models typically use highly convoluted layers with the non-smooth ac-
tivation functions and therefore their associated cost functions do not satisfy the Lipschitz smoothness
assumption in general. Despite this fact, recent studies have shown empirical success of decentralized
methods in training state-of-the-art deep learning models [2,28,29]. Therefore, it may be beneficial and
interesting to establish convergence theory of decentralized optimization methods for deep models by

looking into their specific structures, where classical optimization theory may not apply directly [106].

e« Model generalization. Throughout this thesis, we treat the problem of training machine learning
models from pure optimization perspectives, i.e., we establish gradient and communication complexi-
ties to find e-accurate stationary points [7] of the global cost function. That is to say, we primarily use
the gradient norm as the convergence metric. On the other hand, test accuracy (generalization capa-
bility) is typically used to evaluate the quality of a machine learning model in practice and hence may
be a more informative metric [13]. As a future direction, it is interesting to establish statistical gener-
alization bounds [13] and perform large-scale experiments for decentralized optimization methods and
further examine whether the intuitions developed in this thesis, such as network topology-independent

performance, hold true in the sense of model generalization and test accuracy.

e Communication imperfections. In the proposed decentralized stochastic optimization algorithms
and their companion complexity theory, we do not take communication imperfection into account, such
as asynchronous execution of the nodes [107], stragglers [108], time-varying and random topolgies [91,
109], channel noise [110], model and gradient compression techniques [111], quantization [21], and
package losses [112]. However, in modern-day applications like training large models on heterogeneous
mobile devices and the Internet of Things (IoT), handling the aforementioned issues is essential from a
practical implementation standard point, since they significantly affect the run time of the underlying
optimization methods and the quality of the resulting solution. It is hence advantageous to adapt the

algorithms and convergence results established in this thesis to these more practical settings.



Chapter 2

Decentralized Smooth Strongly-Convex

Finite-Sum Optimization

This chapter describes a novel algorithmic framework, GT-VR, for decentralized smooth stochastic problems.
Specifically, GT-VR subsumes a family of efficient algorithms with two major components: (i) variance re-
duction, which produces variance-reduced local exact gradient estimates from random samples of local data;
and, (ii) gradient tracking, which fuses local gradient information across the nodes. It is clear that using
different variance reduction and gradient tracking techniques in GT-VR leads to different constructions of
decentralized optimization methods with valuable trade-offs of practical interest.

In this chapter, we demonstrate the performance of the GT-VR framework by focusing on its two instan-
tiations, which we call GT-SAGA and GT-SVRG, for smooth and strongly-convex problems.! It is shown that
both GT-SAGA and GT-SVRG achieve accelerated linear convergence to the optimal solution for this problem
class. We further identify the regimes where they achieve non-asymptotic, network topology-independent
linear rates that are faster with respect to the existing decentralized gradient schemes. Moreover, we show
that both algorithms achieve a linear speedup in such regimes, in that, the total number of gradient com-
putations required at each node is reduced by a factor of 1/n, where n is the number of nodes, compared to
the centralized SAGA and SVRG algorithms that process all data at a single node. Extensive simulations

are presented to illustrate the performance of the proposed algorithms.

n the later chapters, we will discuss other instantiations of GT-VR tailored for various non-convex problems.

16
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2.1 Introduction

In this chapter, we consider decentralized finite-sum minimization problems that take the following form:

min F(x) = %Z £(x),  fi(x) = mi Z Fis (%), (2.1)

x€eRP

where each cost function f; : RP — R is private to a node i, in a network of n nodes, and is further subdivided
into an average of m; component functions { f; ; ;”:1 This formulation has found tremendous interest over
the past decade and has been studied extensively by the signal processing, control, and machine learning
communities [2,33,34]. When the dataset is large-scale and further contains private information, it is often
not feasible to communicate and process the entire dataset at a central location. Decentralized stochastic
gradient methods thus are preferable as they not only benefit from local (short-range) communication but
also exhibit low computation complexity by sampling and processing small subsets of data at each node i,
instead of the entire local batch of m; functions.

Decentralized stochastic gradient descent (DSGD) was introduced in [19,21,39], which combines network
fusion with local stochastic gradients and has been popular in various decentralized learning tasks. However,
the performance of DSGD is mainly adversely impacted by two components: (i) the variance of the local
stochastic gradients at each node; and, (ii) the dissimilarity between the datasets and local functions across
the nodes. In this chapter, we propose a novel algorithmic framework, namely GT-VR, that systematically
addresses both of these aspects of DSGD by building an estimate of the global descend direction —VF
locally at each node based on local stochastic gradients. In particular, the GT-VR framework leads to a
family of algorithms with two key ingredients: (i) local variance reduction, that estimates the local batch
gradients }; Vf; ; from arbitrarily drawn samples of local data; and, (ii) global gradient tracking, which
uses the aforementioned local batch gradient estimates and fuses them across the nodes to track the global
batch gradient ), V f;. Naturally, existing methods for variance reduction, such as SAG [113], SAGA [57],
SVRG [61], SARAH [58], and for gradient tracking, such as dynamic average consensus [51,54-56] and
dynamic average diffusion [114], are all valid choices for the two components in GT-VR and lead to various
design choices and practical trade-offs.

In this chapter, we focus on smooth and strongly convex problems, where simple schemes, such as
SAGA and SVRG, are shown to obtain linear convergence and strong performance. These two methods are
extensively studied in the centralized settings and exhibit a compromise between space and time. Specif-
ically, SAGA in practice demonstrates faster convergence compared with SVRG [31,57], however at the
expense of additional storage requirements. Consequently, we consider the following two instantiations of

the GT-VR framework: (i) GT-SAGA, which is an incremental gradient method that requires O(pm;) storage
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cost at each node i; and, (ii) GT-SVRG, which is a hybrid gradient method that does not require additional
storage but computes local batch gradients periodically, which leads to stringent requirements on network

synchronization and may add latency to the overall implementation.

2.1.1 Related work

Significant progress has been made recently towards decentralized first-order gradient methods. Examples
include EXTRA [68], Exact-Diffusion [115], methods based on gradient-tracking [52-56,65] and primal-dual
methods [70, 73]; these full gradient methods, based on certain bias-correction principles, achieve linear
convergence to the optimal solution for smooth and strongly convex problems and improve upon the well-
known DGD [33], where a constant step-size leads to linear but inexact convergence. Several stochastic
variants of EXTRA, Exact-Diffusion, and gradient tracking methods have been recently studied in [2-4, 4,
20,43,67,116]; these methods, due to the non-diminishing variance of the local stochastic gradients, converge
sub-linearly to the optimal solution with decaying step-sizes and outperform their deterministic counterparts
when local data batches are large and low-precision solutions suffice [31]. Exact linear convergence to the
optimal solution has been obtained with the help of variance reduction where existing decentralized stochastic
methods include [22,23,117-120]. The proposed GT-VR framework leads to accelerated convergence over the

related stochastic methods; a detailed comparison will be conducted with the help of numerical simulations.

2.1.2 Main contributions
We enlist the main contributions of this chapter as follows:

e We describe GT-VR, a novel algorithmic framework to minimize a finite sum of functions over a decen-

tralized network of nodes.

e Focusing on two particular instantiations of GT-VR, GT-SAGA and GT-SVRG, we show how different
combinations of variance reduction and gradient tracking potentially lead to valuable practical consid-

erations in terms of storage, computation, and communication tradeoffs.

e We show that both GT-SAGA and GT-SVRG achieve accelerated linear convergence to the optimal solution

for smooth and strongly convex problems.

o We characterize the regimes in which GT-SAGA and GT-SVRG achieve non-asymptotic, network-independent
convergence rates and exhibit a linear speedup, in that, the total number of gradient computations at
each node is reduced by a factor of 1/n compared to their centralized counterparts that process all

data at a single node.
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To the best of our knowledge, GT-SAGA and GT-SVRG are the first decentralized stochastic methods that
show provable network-independent linear convergence and linear speedup without requiring the expensive
computation of dual gradients or proximal mappings of the cost functions.

The rest of this chapter is structured as follows. Section 2.2 develops the class of decentralized stochastic
variance-reduced algorithms proposed in this chapter while Section 2.3 presents the main convergence results
and a detailed comparison with the state-of-the-art. Section 2.4 provides extensive numerical simulations
to illustrate the convergence behavior of the proposed methods. Section 2.5 presents a unified approach to
cast and analyze the proposed algorithms, where Sections 2.5.3 and 2.5.4 contain the convergence analysis
for GT-SAGA and GT-SVRG, respectively. Section 2.6 concludes this chapter.

We use lowercase bold letters to denote vectors and | - | to denote the Euclidean norm of a vector.
The matrix I, is the d x d identity, and 14 (resp. 04) is the d-dimensional column vector of all ones (resp.
zeros). For two matrices X,Y € R4 X ® Y denotes their Kronecker product. The spectral radius of a
matrix X is denoted by p(X), while its spectral norm is denoted by || X]||. The weighted infinity norm
of y = [y1,-++ ,ya] " given a positive weight vector x = [z1, -+ ,z4]" is defined as |y|%, = max; |y;|/z; and

I I%, is the matrix norm induced by | - || .

2.2 Development of the GT-VR framework

In this section, we systematically build the proposed GT-VR framework and describe its two instantiations,
GT-SAGA and GT-SVRG. To this aim, we consider DSGD [19, 21, 39], a well-know decentralized version of
stochastic gradient descent, and its convergence guarantee for smooth and strongly convex problems as
follows. Let x* denote the unique minimizer of Problem (2.1) and x¥ € R? denote the estimate of x* at

node ¢ and iteration k of DSGD. The update of DSGD is given by
n
k :
X; i = Zwirxi — Q- Vfi,si.C (Xi'c)’ k Z 07 (22)
r=1

where the matrix W = {w;,,.} € R™*" collects the weights that each node assigns to its neighbors and the

k

i

variance of Vf; . (x¥), ie., E[|Vf; o (xF) — Vf;(xF)||* | xF] < v2,Vi, k, and cost functions to be smooth

i %

index s; is chosen uniformly at random from the set {1,...,m;} at each iteration k. Assuming bounded

and strongly convex, it can be shown that with an appropriate constant step-size o the mean-squared

error E[||x¥ — x*||?], at each node i, decays linearly up to a steady state error such that [20]
1 ar? Q2022 o202
limsup—ZE[fo_x* 2}:(’)( Q Q¢ ’
k—oo T i—1

_l’_
where (2 := 13" ||V f; (x*)Hg, (1 — ) is the spectral gap of the network weight matrix W, and @ is the

(2.3)

nu 1-X (1 —=X)2

condition number of F. This steady-state error, due to the presence of v? and (2, can be eliminated with
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the help of decaying step-size ay, = O(1/k); however, the convergence rate becomes sub-linear O(1/k) [116].
In other words, there is an inherent rate/accuracy trade-off in the performance of DSGD. The proposed
GT-VR framework, built on global gradient tracking and local variance reduction, completely removes the
steady-state error of DSGD and achieves fast convergence with a constant step-size to the exact solution.

The proposed GT-VR framework combines two well-known techniques from recent centralized and decen-
tralized optimization literature to systematically eliminate the steady-state error of DSGD and as a conse-
quence recovers linear convergence to the exact solution. The framework has two key ingredients:

(i) Local Variance Reduction: GT-VR removes the performance limitation due to the variance 2 of the
stochastic gradients by asymptotically estimating the local batch gradient Vf;, at each node ¢, based on
randomly drawn samples from the local data. Many variance reduction schemes, e.g., [57,58,61,113], are
applicable here and a suitable one can be chosen based on the underlying problem specifications.

(ii) Global Gradient Tracking: The other error source ¢? is due to the fact that Vf;(x*) # 0,, Vi, in
general, because of the difference between the local and global cost functions. This issue is addressed with
the help of gradient tracking techniques [51, 54-56] that properly fuse the local batch gradient estimates
(obtained from the local variance reduction procedures described above) to track the global batch gradient.

Our focus in this chapter is on smooth and strongly convex problems for which the variance reduction
methods SAGA [57] and SVRG, in centralized settings, are shown to achieve strong practical performance and
theoretical guarantees. These two methods contrast each other, in that, they can be viewed as a compromise
between space and time [57], where SAGA requires additional storage but, in practice, demonstrates faster
convergence as compared to SVRG, where additional storage is not required. Additionally, the two methods
are build upon different variance-reduction principles, i.e., SAGA is a randomized incremental gradient
method, whereas SVRG is a hybrid gradient method that evaluates batch gradients periodically in addition
to stochastic gradient computations at each iteration, as will be detailed further. We thus explicitly focus

on these two methods in this chapter, formally described next.

2.2.1 The GT-SAGA algorithm

Algorithm 1 formally describes the SAGA-based implementation of GT-VR. To implement the gradient esti-

k
(]

k

mator, each node ¢ maintains a table of component gradients {V f; ;(z )};”:1, where z; ; is the most recent

iterate at which the component gradient V f; ; was evaluated up to iteration k. At each iteration k, each

node ¢ samples an index sf uniformly at random from the local indices {1,---,m;} and computes its local
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Algorithm 1 GT-SAGA at each node i

Require: x?; z},j =x9, Vje{l,-,mi}; o {w, 1t ;¥ =g? = Vfi(x?).

1: for k=0,1,2,--- do
2: Update the local estimate of the solution:

n
k+1 k k.
X, = E WirXy — QY535
r=1

3: Select sf“ uniformly at random from {1,--- ,m;};
4: Update the local gradient estimator:

1 &
8 = Viiorn (47) = VI (2500) + z;vfi,j (z5);
e

. Skt k42 _ k+1, k42 _ _k+1
5: If j=s;7", thenz; " =x;7 ;else 2" =z; .

6: Update the local gradient tracker:

n

k1 _ k k+1 k.
;i = Wi, ¥r T8 — 8

r=1

7: end for

gradient estimator as

)

1 &
g =V, sk (x;) — Vfi sk (Zﬁsf) T vai,j (ng)
L

After g is computed, the s¥-th element in the gradient table is replaced by V fi,sk (x¥), while other entries
remain unchanged. The local estimators g¥’s are then fused over the network to compute y*, which tracks the
global batch gradient VF at each node i, and is used as the descent direction to update the local estimate x¥
of the optimal solution. Clearly, each local estimator gF approximates the local batch gradient Vf; in an
incremental manner via the average of the past component gradients in the table. This implementation
procedure results in a storage cost of O(pm;) at each node i, which can be reduced to O(m;) for certain

structured problems [57,113].

2.2.2 The GT-SVRG algorithm

Algorithm 2 formally describes the SVRG-based implementation of GT-VR. In contrast to GT-SAGA that
incrementally approximates the local batch gradients via past component gradients, GT-SVRG achieves vari-
ance reduction by evaluating the local batch gradients V f;’s periodically. GT-SVRG may be interpreted as
a “double loop" method, where each node i, at every outer loop update {XﬁT}tzo, calculates a local full

gradient Vf;(x!T) that is retained in the subsequent inner loop iterations to update the local gradient
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Algorithm 2 GT-SVRG at each node i

Require: x%; 70 =x¥; a; {w,;, }7_,; T; y? =v? = V£, (x?).

1: for k=0,1,2,--- do
2: Update the local estimate of the solution:

k+1 E w; x ayf;

3: Select st uniformly at random from {1,--- ,m;};
4: If mod(k + 1,T) = 0, then 7F 71 = x¥*1 else 7+ = 7F;
5: Update the local stochastic gradient estimator:

k+1 Vf k+1< k+1) Vf k+1( k+1)-‘erZ( k+1),

6: Update the local gradient tracker:

k+1 § : k+1 k.
war + A\ — Vi
r=1

7: end for

estimator v¥, i.e., for k € [tT, (t + 1)T — 1],
vfzs ( 1) vfzs ( fT)+VfZ(XfT)

Clearly, GT-SVRG eliminates the requirement of storing the most recent component gradients at each node and
thus has a favorable storage cost compared with GT-SAGA. However, this advantage comes at the expense of
evaluating two stochastic gradients V f; .« (xic ) and Vf; o (ng) at every iteration, in addition to calculating

the local batch gradients V f;’s every T iterations. See Remarks 2.3.1 and 2.3.2 for additional discussion.

2.3 Main convergence results

The convergence results for GT-SAGA and GT-SVRG are established under the following assumptions.

Assumption 2.3.1. The global cost function F' is p-strongly convez, i.e., Vx,y € RP and for some pu > 0,

we have

I
F(y) 2 F(x) + (VF(x),y %) + & x|
We note that under Assumption 1, the global cost function F' has a unique minimizer, denoted as x*.

Assumption 2.3.2. Each local cost function f; ; is L-smooth, i.e., ¥x,y € RP and for some L > 0, we have

IV fij (%) =V i < Lllx =yl
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Clearly, under Assumption 2.3.2, the global cost F is also L-smooth and L > p. We use @ := L/u to denote

the condition number of the global cost F.

Assumption 2.3.3. The weight matrizc W = {w;,,.} associated with the network G is primitive and doubly

stochastic.

Assumption 2.3.3 is not only restricted to undirected graphs and is further satisfied by the class of strongly-
connected directed graphs that admit doubly stochastic weights. This assumption implies that the second
largest singular value A of W is less than 1, i.e, A = H| W - %1n1; H‘ < 1 [36]. Note that although we focus
on the basic case of static networks which appear, for instance, in data centers, the convergence analysis
provided here can be possibly extended to the more general case of time-varying dynamic networks following
the methodology in [91].

We denote M = max; m; and m := min; m;, where m; is the number of local component functions at
node i. The main convergence results of GT-SAGA and GT-SVRG are summarized respectively in the following

theorems.

Theorem 2.3.1 (Mean-square convergence of GT-SAGA). Let Assumptions 2.3.1, 2.3.2, and 2.3.3 hold. If

the step-size o in GT-SAGA is such that

= min L 7m(1 — A
4= uM T MLQ [

then we have: Yk > 0, Vi € {1,--- ,n},

E {fo —x*

1 (ool )’

GT-SAGA thus achieves an e-optimal solution of xX* in

MQ? 1
o (max {M, 771(1/\)2} log e)

component gradient computations (iterations) at each node.

Theorem 2.3.2 (Mean-square convergence of GT-SVRG). Let Assumptions 2.3.1, 2.5.2, and 2.3.3 hold. If

the step-size oo and the length T of the inner loop are such that

1—)\)2
axg, T=

LQ

Q?log Q
(1=X%

then we have: ¥Vt >0, Vi € {1,--- ,n},

E[[x - x*|’] 07"
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GT-SVRG thus achieves an e-optimal solution of x* in

Q?log Q 1
M+ ——==|log -
o (v G55 et
component gradient computations at each node.

Theorems 2.3.1 and 2.3.2 lead to the following linear convergence rates for GT-SAGA and GT-SVRG on
almost every sample path, following directly from Chebyshev’s inequality and the Borel-Cantelli lemma; see

Lemma 2.5.7 for details.

Corollary 2.3.1 (Almost sure convergence of GT-SAGA). Let Assumptions 2.3.1, 2.53.2 and 2.5.3 hold. For

the choice of the step-size o in Theorem 2.5.1, we have: ¥i € {1,--- ,n},

2:0):1’

_ 2

: —k k *
P (kll)ngo'yg Hxi -x
where
M MQ?
Corollary 2.3.2 (Almost sure convergence of GT-SVRG). Let Assumptions 2.3.1, 2.3.2 and 2.3.3 hold. For

the choice of the step-size o and the length T of the inner loop in Theorem 2.3.2, we have: Vi € {1,--- ,n},
P (lim (0.749) 7" [T = x*[|* = 0) = 1,
t—o00
where § > 0 is an arbitrary small constant.

We discuss some salient features of the proposed algorithms next and compare them with the state-of-

the-art.

Remark 2.3.1 (Big data regime). When each node has a large dataset such that M ~ m > Q?(1 — \)~2,
we note that both GT-SAGA and GT-SVRG, achieve an e-optimal solution with a network-independent compo-
nent gradient computation complexity of O(M log %) at each node; in contrast, centralized SAGA and SVRG,
that process all data on a single node, require O((nM + Q) log %) ~ O(nM log %) component gradient com-
putations [57,61]. GT-SAGA and GT-SVRG therefore achieve a non-asymptotic, linear speedup in this big data
regime, i.e., the number of component gradient computations required per node is reduced by a factor of 1/n

compared with their centralized counterparts?.

Remark 2.3.2 (GT-SAGA versus GT-SVRG). It can be observed from Theorems 2.3.1 and 2.3.2 that when

data samples are unevenly distributed across the nodes, i.e., % > 1, GT-SVRG achieves a lower gradient

2We emphasize that linear speedup, although desirable and somewhat plausible, is not necessarily achieved for decentralized
methods in general. In other words, the advantage of parallelizing an algorithm over n nodes may not naturally result into a
performance improvement of n.
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computation complexity than GT-SAGA. However, an uneven data distribution may adversely impact the
practical implementation of GT-SVRG. This is because GT-SVRG requires a highly synchronized communication
network as all nodes need to evaluate their local batch gradients every T iterations and cannot proceed to
the next inner loop until all nodes complete this local computation. As a result, the nodes with smaller
datasets have a relatively long idle time at the end of each inner loop that leads to an increase in overall wall-
clock time. Indeed, the inherent trade-off between GT-SAGA and GT-SVRG is the network synchrony versus the
gradient storage. For structured problems, where the component gradients can be stored efficiently, GT-SAGA
may be preferred due to its flexibility of implementation and less dependence on network synchronization.
Conversely, if the problem of interest is large-scale, i.e., m is very large, and storing all component gradients

is not feasible, GT-SVRG may become a more appropriate choice.

Remark 2.3.3 (Communication complexities). Note that since GT-SAGA incurs O(1) communication
round per node at each iteration, its total communication complexity is the same as its iteration complexity,

ie., (’)( max {M, % %} log %) For GT-SVRG, we note that a total number of O(log %) outer-loop iterations

2
are required, where each outer-loop iteration incurs T' = O (%f’g?) rounds of communication per node,

leading to a total communication complexity of O (?flo/\g)? log %) Clearly, in a big data regime where each

node has a large dataset, GT-SVRG achieves a lower communication complexity than GT-SAGA.

Remark 2.3.4 (Comparison with Related Work). Existing decentralized variance-reduced (VR) gradi-
ent methods include: DSA [22] that integrates EXTRA [68] with SAGA [57] and was the first decentralized
VR method; DAVRG that combines Exact Diffusion [115] and AVRG [121]; DSBA [117] that uses proximal
mapping [122] to accelerate DSA; Ref. [118] that applies edge-based method [123] to DSA; and ADFS [119]
that is a decentralized version of the accelerated randomized proximal coordinate gradient method [124]
based on the dual of Problem (2.1). Both GT-SAGA and GT-SVRG improve upon the convergence rates in
terms of the joint dependence on @ and m for these methods, especially in the “big data" scenarios where m
is very large, with the exception of DSBA and ADFS. We note that DSBA [117] and ADFS [119], both achieve
better a gradient computation complexity albeit at the expense of computing the proximal mapping of a
component function at each iteration that is in general very expensive. Another recent work [120] considers
gradient tracking and variance reduction and proposes a decentralized SVRG type algorithm. However, the
convergence of the decentralized SVRG in [120] is only established when the local functions are sufficiently
similar. In contrast, GT-SAGA and GT-SVRG proposed in this chapter achieve accelerated linear convergence
for arbitrary local functions and are robust to the heterogeneity of local functions and data distributions.
Finally, we emphasize that all existing decentralized VR methods require symmetric weights and thus undi-

rected networks. In contrast, GT-SAGA and GT-SVRG only require doubly stochastic weights and therefore can
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Table 2.1: Summary of datasets used in numerical experiments. All datasets are available in LIBSVM [1].

Dataset train (N = nm) | dimension (p) test
Fashion-MNIST 10,000 784 4,000

Covertype 400,000 54 181,012
CIFAR-10 10,000 3,072 2,000
Higgs 90,000 28 8,050

ada 32,560 123 16,282

w8a 49,740 300 14,960

be implemented over directed graphs that admit doubly stochastic weights [125], providing a more flexible

topology design.

2.4 Numerical Experiments

In this section, we numerically demonstrate the convergence behavior of GT-SAGA and GT-SVRG under different
regimes of interest and compare their performances with the-state-of-the-art decentralized stochastic first-
order algorithms under different graph topologies and datasets. We consider a decentralized training problem
where a network of n nodes with m data samples locally at each node cooperatively finds a regularized logistic

regression model for binary classification:
N ™ A
F — — 1 [1 —(x ' 045)&:; A 27
0= 5 2 o1 e + 5B

where 0;; € RP denotes the feature vector of the j-th data sample at the i-th node, &;; € {—1,+1} is the
corresponding binary label, and )\ is a regularization parameter to prevent overfitting of the training data.
The datasets in question are summarized in Table 2.1 and all feature vectors are normalized to be unit vectors,
ie., ||0;;|l = 1,4, . The graph topologies under considerations, shown in Fig 2.1, are directed ring graphs,
directed exponential graphs, and undirected nearest-neighbor geometric graphs, all with self loops. We note
that the directed ring graph has the weakest connectivity among all strongly-connected graphs; directed
exponential graphs, where each node sends information to the nodes 2°,2%,22, ... hops away, are sparse yet
well-connected and therefore are often preferable when one has the freedom to design the graph topology;
undirected nearest-neighbor geometric graphs, where two nodes are connected if they are in physical vicinity,
are weakly-connected and often arise in ad hoc settings such as robotics swarms, IoTs, and edge computing
networks. The doubly stochastic weights for directed ring and exponential graphs are chosen as uniform

weights, while the weights for geometric graphs are generated by the Metropolis rule [27]. The parameters
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Figure 2.1: The directed ring graph with 10 nodes, directed exponential graph with 10 nodes, and an
undirected geometric graph with 200 nodes.

of all algorithms in all cases are manually tuned for best performance. We characterize the performance of
the decentralized optimization methods in question in terms of the optimality gap £+ Y% | (F(x}) — F(x*))
and model accuracy on the test data sets over epochs, where we assume that each node possesses the same

number m of data samples and one epoch represents m gradient computations per node.

2.4.1 Big data regime: topology-independence and linear speedup

In this subsection, we demonstrate the convergence behavior of GT-SAGA and GT-SVRG in the big data regime,
i.e., m ~ Q%(1 — o)~2. To this aim, we choose 500,000 training samples from the Covertype dataset, equally
distributed in a network of n = 10 nodes such that each node has m = 50,000 data samples and set the
regularization parameter as A = 0.01 that leads to @ = 25, where @ is the condition number of F. We test
the performance of GT-SAGA and GT-SVRG over different graph topologies, i.e., the directed ring, the directed
exponential, and the complete graph with 10 nodes; the second largest singular eigenvalues of the weight
matrices associated with these three graphs are o = 0.951, 0.6, 0, respectively. It can be verified that the big
data condition holds for the optimization problem defined on these three graphs. The experimental results

are shown in Fig. 2.2 (left and middle) and we observe that, in this big data regime, the convergence rates of
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GT-SAGA in the big data regime
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GT-SVRG in the big data regime Linear speedup of GT-SAGA/SVRG in the big data regime
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Figure 2.2: The convergence behavior of GT-SAGA and GT-SVRG in the big data regime: (Left and Middle)
Non-asymptotic, network-independent convergence; (Right) Linear speedup with respect to centralized SAGA

and SVRG that process all data on a single node.
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Figure 2.3: Performance comparison of GT-SAGA and GT-SVRG with DSGD and GT-DSGD on the directed
exponential graph with n = 10 nodes over the Fashion-MNIST, Covertype, and CIFAR-10 datasets. The
top row shows the optimality gap, while the bottom row shows the corresponding test accuracy.

GT-SAGA and GT-SVRG are not affected by the network topology. We next illustrate the speedup of GT-SAGA
and GT-SVRG compared with their centralized counterparts. The speedup is characterized as the ratio of the
number of component gradient computations required for centralized SAGA and SVRG that execute on a
single node over the number of component gradient computations required at each node for GT-SAGA and

GT-SVRG to achieve the optimality gap of 10713, It can be observed in Fig 2.2 (right) that linear speedup is

achieved for both methods.

2.4.2 Comparison with the state-of-the-art

In this subsection, we compare the performances of the proposed GT-SAGA and GT-SVRG with the state-of-

the-art decentralized stochastic first-order gradient algorithms over the datasets in Table 2.1, i.e., DSGD,
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exponential graph with n = 10 nodes over the Higgs, a9a, and w8a datasets. The top row presents the

optimality gap, while the bottom row presents the corresponding test accuracy.
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The top row shows the optimality gap, while the bottom row shows the corresponding test accuracy.
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GT-DSGD, DSA, and DAVRG. We consider constant step-sizes for DSGD and GT-DSGD. Throughout this
subsection, we set the regularization parameter as A = (nm)~! for better test accuracy [23,113].

We first consider the directed exponential graph with n = 10 nodes that typically arise e.g., in data
centers [41] where data is divided among a small number of very well-connected nodes. Note that DSA
and DAVRG are not applicable to directed graphs since they require symmetric weight matrices. We thus
compare the performances of GT-SAGA, GT-SVRG, DSGD and GT-DSGD, presented in Figs. 2.3 and 2.4. It
can be observed that the performances of DSGD and GT-DSGD are similar in this case, both of which
linearly converge to a neighborhood of the optimal solution. On the other hand, GT-SAGA and GT-SVRG
linearly converge to the exact optimal solution and, moreover, achieve better test accuracy faster.

We next consider a large-scale undirected geometric graph with n = 200 nodes that commonly arises
e.g., in ad hoc network scenarios. The experimental result is presented in Fig. 2.5. We note that in this
case GT-DSGD outperforms DSGD since the graph is not well-connected; this observation is consistent
with [20,31]. The performance of decentralized VR methods, GT-SAGA, GT-SVRG, DSA and DAVRG are
rather comparable, all of which significantly outperform DSGD and GT-DSGD in terms of both optimality
gap and test accuracy. However, we note that the theoretical guarantees of DSA and DAVRG are relatively
weak, compared with that of GT-SAGA and GT-SVRG.

Finally, we observe that across all experiments shown in Figs. 2.3, 2.4, and 2.5, GT-SAGA exhibit faster
convergence than GT-SVRG, at the expense of the storage cost of the gradient table at each node, demon-
strating the space (storage) and time (convergence rate) tradeoffs of the SAGA and SVRG type variance

reduction procedures.

2.5 Convergence analysis: A general dynamical system approach

Our goal is to develop a unified analysis framework for the GT-VR family of algorithms. To this aim, we
first present a dynamical system that unifies the GT-VR algorithms and develop the results that can be used
in general; see [52,53,56,67] for similar approaches that do not involve local variance reduction schemes.
Next, in Sections 2.5.3 and 2.5.4, we specialize this dynamical system for GT-SAGA and GT-SVRG in order to
formally derive the main results of Section 2.3.

Recall that x¥ € R? denotes the GT-VR estimate of the optimal solution x* at node i and iteration k, which
iteratively descends in the direction of the global gradient tracker yf € RP. Concatenating xf ’s and yf ’s in

column vectors x*, y*, both in RP”, and defining W := W ® I,, we can write the estimate update of GT-VR as

xM = WxF — ay*, (2.4)
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which is applicable to both GT-SAGA and GT-SVRG. The gradient tracking step next is given by

yk‘+1 — Wyk 4 rk‘+l _ rk‘7 (25)

k

where r* € RP" concatenates local variance-reduced gradient estimators r;’s, all in RP, which are given
by gf’s in GT-SAGA and by vif“s in GT-SVRG. For the initial conditions, we have y° = r® € R? and x° € R?
is arbitrary.

Clearly, (2.4)-(2.5) are applicable to the GT-VR framework in general and the specialized algorithm of
interest from this family can be obtained by using the corresponding variance-reduced estimator. We there-
fore first analyze the dynamical system (2.4)-(2.5), on top of which the specialized results for GT-SAGA and

GT-SVRG are derived subsequently.
2.5.1 Preliminaries

To proceed, we define several auxiliary variables that will aid the subsequent convergence analysis as follows.

= L] o)X
vo= (1 ey
™= % (1, ®1,) 1",
VEx") = [VAED T Viaxp) T,

1
VE(x*) = - (1) ®1,) VE(xF).
We recall that (2.5) is a stochastic gradient tracking method [4,67,126] as an application of dynamic con-

sensus [51]. It is straightforward to verify by induction that [51]:

™ =v*, vk > 0.

Clearly, the randomness of both GT-SAGA and GT-SVRG lies in the set of independent random variables {s¥ }kzl

We denote F* as the history of the dynamical system generated by {sﬁ}fi?; b e For both GT-SAGA and

GT-SVRG, r¥ is an unbiased estimator of V f;(x¥) given F* [57,61], i.e.,
E [rF|F*] = VE(xF), E[¥*F*] =E [f¥|FF] = VEF).

In the following, we first present a few well-known results related to decentralized gradient tracking methods

whose proofs can be found in, e.g., [52-54, 56].

Lemma 2.5.1. Let Assumptions 2.3.1 and 2.5.2 hold. If 0 < o < +, we have ||x —aVF(x) —x*|| <

(1 - pa)ljlx —x*||, Vx € R?.

i={1,-,n

}
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Lemma 2.5.2. Let Assumption 2.5.2 hold. Consider the iterates {x*} generated by the dynamical sys-
tem (2.4)-(2.5). We have that ||VE(x*) — VF(X")|| < % |x* — Ix¥||, vk > 0.

Lemma 2.5.3. Let Assumption 2.3.3 hold. We have that Vx € R, |[Wx — Jx|| < )\ ||x — Jx||, where J =

1,1)
Tn®1p'

2.5.2 Auxiliary results

In this subsection, we analyze the general dynamical system (2.4)-(2.5) by establishing the interrelationships
between the mean-squared consensus error E [||x¥ — Jx*||?], network optimality gap E [[|x* —x*||?] and

gradient tracking error E [[|y* — Jy*||?].

Lemma 2.5.4. Let Assumption 2.5.3 hold. Consider the iterates {x*} generated by (2.4)-(2.5). We have
the following hold: Yk > 0,

202

2 1+ A2 2 2
B[t - 3 *] < SRR [|fxE - 9kt T E [y -3y (2.6)
E [ka+1 - Jxk+1|}2] < 2E [ka - Jxk‘ﬂ + 20°E [Hyk - Jyk‘ﬂ . (2.7)
Proof. Using (2.4) and the fact that JW = J, we have:
et a1 = Wt 3t a3y 28)

Next, we use Young’s inequality that |ja + b||? < (1 + n)||lal|® + (1 + %)HbHQ,Va,b € R" ¥Yn > 0, and

Lemma 2.5.3 in (2.8) to obtain: Vk > 0,
2 2 _ 2
||kar1 - JkaH < (1+n)\ ||xk - Jka + (147 1) o? ||yk — Jka
Setting 7 as 12_)\)‘22 and 1 in the above inequality respectively leads to (2.6) and (2.7). O
]

Lemma 2.5.5. Let Assumptions 2.3.1, 2.3.2 and 2.3.5 hold. Consider the iterates {x*} generated by (2.4)-

k+1 _ x*

Next, we establish an inequality for E [Hx

(2.5). If 0 < a < £, we have the following inequalities hold: Yk > 0,

[n ka'H x* 2} < LZQIE[ka — JkaQ] +(1- ,uoz)IE[nHik —x"| ] + E[Hr — Vf(x H ] (2.9)

[onk"'l x* 2} < ZLQQQE[HXIC—JX]CHQ} +2E [n”ik —x*[]?] + o [Hr — Vf(x H } (2.10)

Proof. Multiplying L ®I” to (2.4), we have that Vk > 0,

g =%k — oyt = %% — ot
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We expand E [||x*T! — x*||2|F*] as follows.

B [+ - ] - B et -

}

=E Mik —aVF(X") —x* +a (VE(X") - 1) HQ |]-“k}
=% - aVFE) - x*||* + o2E [||VF(X’“) Rl f’“}
+ 2a<ik —aVFE) - x*, VE(") — W(x’f)>, (2.11)
where in the last equality we used that E [F¥|F*] = VF(x*). Next, we expand and simplify & [HVF(X’“) ek |J—"“] :
E[[VF&E) - 17| = [VF&") - VI || + B [ Fx*) - ]| | 7] (2.12)
where we used the fact that
<VF(ik) — VE(x¥), E [VE(x") — 7% F*] > =0

For the last term in (2.12), we have that:

:—IE [t = w6 174], (2.13)

E[|[VEGH) - )" 17| = — [

i I‘ _sz

where in the equality above we used the fact that {r *_, are independent from each other and from F*
and therefore E [Zi# (rkF =V fi(xF), rk — ij(xj)>|]-'k} = 0. Now, we use (2.12), (2.13) and Lemma 2.5.1

n (2.11) to obtain:

[kaﬂ x| \f’f] < (1—pa)?|[® — x| + o | VF(®") - VE(xM)|)?

+2a(1 — pa) [[=* - V)|
+ L e - v 1. (2.14)
Finally, we apply Young’s inequality such that
20 [ x| VR () — V)| < e [7 [ e [V - TEG)

and [|[VE(x*) - VF(x")| < # [|x

tation; the resulting inequality is exactly (2.9). Similarly, using

F — Jx*||,Vk > 0, from Lemma 2.5.2 to (2.14) and take the total expec-

20 |[%* — x*|| [VF(E") - VE(!)|| < ||®* — x°||” + o2 || VF(®*) — VE(x")]|
and Lemma 2.5.2 in (2.14) leads to (2.10). O

Next, we derive an inequality for E [||y*! — Jy*+1||2].



CHAPTER 2. DECENTRALIZED SMOOTH STRONGLY-CONVEX
FINITE-SUM OPTIMIZATION 34

Lemma 2.5.6. Let Assumption 2.3.2 and Assumption 2.3.3 hold. Consider the iterates {y*} generated
by (2.4)-(2.5). If0 < a < 4\[L, we have the following inequality hold: Yk > 0,

[y - 3yt < g [t - ] + g [l - x|

14+ 22 32L%2 2
+< 2 +1—A2>E[”yk_‘]yk|”

+L [Hr ~ VE(x M

= 2B [l = veee ).

Proof. Using (2.5) and the fact that JW = J, we have:

Hyk+1 _ Jyk+1H2 _ Hwyk I S N (Wyk 4 phtl rk)HZ

= [Wy* — IyF + (T, — 3) (2" =) |7 (2.15)

To proceed from (2.15), we use Young’s inequality that ||a + b||? < (1 +n)|la|* + (1 %)HbHQ,Va,b € R™

with n = 17)\2 and that || L, — J || = 1 together with Lemma 2.5.3 to obtain:

1— A2 2)
et oy (1 ) ey (1 2 ) 0 - 0 (5 )

1+/\ 2
< Ay e (2.16)

We then take the total expectation to obtain:

2 1+ A2 2 2 2
1 e e [ A s L N (217)

Now, we derive an upper bound for E[||[r**! — r¥||2]. Firstly,

E [l = r¥|?) < 2B [IIeH - of = (VEGMH) = VEGN)) 7] + 2B [ VE(x"T) — VE(x) ]

< 2E [|r* — VE(x")|]?] + 2E [||p*F ! — VEM)|?] + 2L%E [||xF —xM)2] (2.18)
where in the last inequality above we used that
E [(e"! — VE* ), r% — VE(x"))] =E [E [(¢"T = VEM), o — Vi) FFH] = 0.

We next bound E {ka"‘l - ka2]. Using (2.4) leads to:

2 2
[ =T = [ Wt — ay® x|

= H(W —TL,,) (xk — Jxk) — akaQ

< 8|x* — IxF||* + 202 ||y* 7, (2.19)



CHAPTER 2. DECENTRALIZED SMOOTH STRONGLY-CONVEX

FINITE-SUM OPTIMIZATION 35
where in (2.19) we used the fact that || W — L, [| < 2. We then denote Vf(x*) := [V f1(x*)", -+, Vfu(x*) "] T

and note that (1, ® I,)VFf(x*) = 0,. We bound ||y*|| as follows.

Iy :Hyk ~ Jy* 4+ Jrk — JVE(xR) + IVE(xF) — IVE(xY)

<[ly* = Iy + 5 = VEGH + L]x* ~ (10 © L)x"

<y Iy o RO+ 1 s 3| VAL [
where in the first equality we used ¥° = ¥, Vk > 0. Squaring the above inequality obtains the following:
917 <422 k= 3| s oy - 3y VG 2a0)

Using (2.20) in (2.19) with the requirement that 0 < o < 4\%L and taking the total expectation, we have:
]

+80%E [||y* — Jy*|*] + 80%E [||r* - vi(H)[] (2.21)

B [[[x1 —x[°] < 8258 [|x* — 3x*||°] +0.25E [ |=* - x*

. . . 1 .
Finally, we apply (2.21) in (2.18) with 0 < @ < To5L to obtain:

B[[lr+ - o#|*] < 16502 [[x* - 3x*|*] + 0.5L%E [n|=" — x| ’]
+160°L°E [ [[y* — Iy*[|"] + 25E [ & — VEGH)|] + 28 [|[p*1 - w7
Using the above inequality in (2.17) completes the proof. O

We finally present a general convergence result on a sequence of random variables that converge linearly
in the mean-square sense. We note that this result is implied in the probability literature; see [127] for

example. For the sake of completeness, we present its proof here.

Lemma 2.5.7. Let { X} }x>0 be a sequence of random variables such that E[| Xy|] < v* for some 0 <y < 1.

Then we have
P ( lim (y 4+ 6) 7% X| = 0) =1,
k—o0
where § > 0 is an arbitrary positive constant.

Proof. By Chebyshev’s inequality, we have: Ve > 0,V§ > 0,

B (7 +8)7F1X5| > o)

IN

e E[(y +8) 7| Xe]

e v/ (v+ )k

IN
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Summing the inequality above over k, we obtain:

oo o0 k
;P((7+5)_k|Xk| >€) < 6_1;0(716) < 00.

By the Borel-Cantelli lemma,
P((y+ 8)7*|Xy| > € for infinitely many k) =0,
and the proof follows. O

We note that Lemma 2.5.7 states that the non-asymptotic linear convergence of a sequence of random
variables in the mean-square sense implies its asymptotic linear convergence in the almost sure sense. As
a consequence, Corollaries 2.3.1 and 2.3.2 will be immediately at hand once Theorems 2.3.1 and 2.3.2 are
established. With the help of the auxiliary results on the general dynamical system (2.4)-(2.5) established
in this section, we now derive explicit convergence rates for the proposed algorithms, GT-SAGA and GT-SVRG,

in the next sections.

2.5.3 Analysis of GT-SAGA

In this section, we establish the mean-square linear convergence of GT-SAGA described in Algorithm 1.

Following the unified representation in (2.4)-(2.5), we recall that the local gradient estimator r¥ is given
by g¥ in GT-SAGA, i.e., Vi€ {1,--- ,n},Vk > 1,
1 &
k k k k
g = sz‘,sjf (Xz) - sz‘,sjf (Zi’S?) + p Z Vfi; (Zi,j)V
? j:1
where s¥ is selected uniformly at random from {1,--- ,m;} and the auxiliary variable zf, ; 1s the most recent

iterate where the component gradient V f; ; was evaluated up to time k.

2.5.3.1 Bounding the variance of the gradient estimator

We first derive an upper bound for E [||g* — Vf(x¥)||?] that is the variance of the gradient estimator g*. To

do this, we define T¥ as the averaged optimality gap of the auxiliary variables of {zf j ;”Zfl at node i:
Tk ;zii}yz’ﬁ—x*f T+ :zznjr’? (2.22)
! m; j=1 " ’ i=1 a .

The next lemma shows that T* admits an intrinsic contraction. Recall that M = max; m; and m = min; m,.

Lemma 2.5.8. Consider the iterates {Y*} generated by GT-SAGA. We have the following holds: Yk > 1,

E [Tk+1] < (1 _ ]\1/[) E [Tk] + %E [ka _ JkaQ] + %]E {n ||§k _ X*HZ} .
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Proof. Recall Algorithm 1 and note that Vk > 1, z]€+1 = z ; with probability 1 — nT- and szrl = xf with
probability - o given F*. Then we have the following holds: Vi, Vk > 1,

E [YHF*]

S ZE [szﬂ

]

- Sal(e- )
:(1_L)Tf+i k *||2
m; mi
< (1—%)Tf+%|Xf—ik|‘2+%uik—x* ? (2.23)
The proof follows by summing (2.23) over ¢ and taking the total expectation. O

In the next lemma, we bound the stochastic gradient variance E [[|g" — Vf(x*)||?] by the mean-square

consensus error and the optimality gap of x* and T*.

Lemma 2.5.9. Let Assumption 2.5.2 hold. Consider the iterates {g*} generated by GT-SAGA. Then we have

the following inequality hold: Yk > 1,

E[llg" - VEa*)|*] < 427E [|]x* — 3x*|*] + 4L%E [ |5*

] + 227 [74].
Proof. Recall the local gradient estimator g¥ from Algorithm 1 and proceed as follows.
E [t - VA6 1]
= B[V () = Vhin (2 ) — (VA6 — 2 ) | |7]
< B (|9 08) - Vi G )| |7

= L (9 () = P 009) + (Vi) = Vi (a,)) ||

2L ||x¥ — x*||* + 207"

IN

< AL ||xE —=F|° + 4L? [R5 — x*|* + 2L°7E, (2.24)

where the second inequality uses the standard conditional variance decomposition
E||laf — E [a}174]|" 17*] = E [laf|* 17*] - [|E [a}17*]])" < E [ [la}]" 1], (2:25)
with af = =V s ( ) Vi o (Z . ) The proof follows by summing (2.24) over i. O

Lemma 2.5.9 clearly shows that as x¥ and z¥, approach to an agreement on x*, the variance of the

g

gradient estimator decays to zero. We have the following corollary.
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Corollary 2.5.1. Let Assumption 2.3.2 and 2.3.3 hold. Consider the iterates {gF} generated by GT-SAGA.

Ifo<a< then the following inequality holds Vk > 0,

4\/L’

E[[lg"" - vE()|*] < 12.750%E [[[x* - 3xH|*] +12.50%E [n|%* -

x* 2]

+8L%°E [[|y* — 3y*||*] + 2.25L°E [14].

Proof. Following directly from Lemma 2.5.9, we have: Vk > 0,

E[[lg"! - VEaE)|°] < 4L [l = 3] + 4L%E [n [[54 - x*|°] + 222E [¢++1]

Using (2.7), (2.10) and Lemma 2.5.8 in the inequality above leads to the following: if 0 < o < ﬁ’
E[|lg*! - VEH ) |7] < 12.2507E [|lxt — 3x|] + 12228 [nljx* - x7 ]
+ 8L202E [Hy’“ _ JkaZ} +2L°E [t*] + 0.125E Mg — VERD)|| } .

The proof follows by applying Lemma 2.5.9 in the above. O

2.5.3.2 Proof of Theorem 2.3.1

With the bounds on the gradient variance for GT-SAGA derived in the previous subsection, we are now able
to refine the inequalities obtained for the general dynamical system (2.4)-(2.5) in Section 2.5 and derive the
explicit convergence rates for GT-SAGA. First, we apply the upper bound on E[||g¥ — V£ (x*)||?] in Lemma 2.5.9
0 (2.9) to obtain: Vk > 0,

[n”xk"rl x* 2}

2.2 2,2
< Lo <1 + 4:) E [||x’“ - JkaQ} + (1 — po+ 4Lna) E [n|®* — x*||*] + %TQ]E [t¥].

I
fo<ac< 41 , then X m 4n°‘ < %; if 0 < a < {75, then we have 1 — pa + 4L o <1 - £*. Therefore,
Hfo<a< 8L2, we have the following: Vk > 0,
2L2 2L% 02
E o]l - x|’ < NQE (I = 3] + (1= 52 ) E [l -] + =SB [] (2:26)

Second, we apply the upper bounds on E[||gF — Vf(x¥)||?] and E[||gFT! — V£(x¥*1)||?] in Lemma 2.5.9 and

Corollary 2.5.1 to Lemma 2.5.6 to obtain the following: Vk > 0,
2 104L2 2 7112 2
B Iy 3y ] < 208 [k ] T ot ]

1912 3+ A2 2
+ B[]+ E [y -3y (2.27)

if0<a< 116L We next write (2.6), (2.26), Lemma 2.5.8 and (2.27) jointly as a linear matrix inequality.
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Proposition 2.5.1. Let Assumptions 2.3.1, 2.5.2, 2.3.3 hold and consider the iterates {x*}, {y*}, {T*}

generated by GT-SAGA. If the step-size o follows 0 < a < %(13;2)\) , we have: Yk > 1,

u"t! < G u", (2.28)

where uf € R* and G, € R*** are defined as follows:

] ] LRSI , 20%L7
E [[[x* - 3x*|?] 2 -
212 21202
ol )] T o
u= o G g 2 1
E [Tk 2z 1
[ ] m m 1 M 0
E[L2 " - ||} 104 71 19 342
[1—x 1-x2 1-x 4 |

Clearly, to show the linear convergence of GT-SAGA, it suffices to derive the range of o such that p(G,) < 1.

To do this, we present a useful lemma from [36].

Lemma 2.5.10. Let A € R¥? be non-negative and x € R? be positive. If Ax < Bx for > 0, then p(A) <
AR < 8.

We are ready to prove Theorem 2.3.1 based on Proposition 2.5.1.

Proof of Theorem 2.3.1. Recall from Proposition 2.5.1 that if 0 < a < H%Z;\)v we have uFt! < G, u*. In

the light of Lemma 2.5.10, we solve for the range of the step-size « and a positive vector € = [y, €a, €3, 64]T

such that the following (entry-wise) linear matrix inequality holds:

Goe < (1 - %) €, (2.29)
which can be written equivalently in the following form:
% 12_Li2 %aQ = 1;A2 (2:30)
2726304 < %62 - 2;61 (2.31)
1 2 2
TSU me me (232)
— )2 .
%Sl 4A —11_04323—1322‘1322 (2:33)

Clearly, that (2.31)—(2.33) hold for some feasible range of « is equivalent to the RHS of (2.31)—(2.33) being
positive. Based on this observation, we will next fix the values of €1, €9, €3, €4 that are independent of «.

First, for the RHS of (2.31) to be positive, we set ¢; = 1,e = 8.5Q2, where @ = L/u. Second, the RHS
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of (2.32) being positive is equivalent to

2M 2M 2M 17M Q>
> M MM TMQ (2.34)
m m m m

We therefore set €3 = %. Third, we note that the RHS of (2.33) being positive is equivalent to the

following:
4
€4 > m (10461 + 7162 + 1963)
4 380M Q?
= ———— 104+ 603.5Q* + ———
ey 104+ o0ns0 + 220 )
Note that 104 + 603.5Q? + 380%Q2 < 1087‘;]\/[@2. We therefore set ¢4 = (1§7§\)S)2 %"22 We now solve for the

range of a from (2.30)-(2.33) given the previously fixed €1, €2, €3, €4. From (2.31), we have that

n I 2L m n
<— (=6 — — = — . 2.35
4= 9L, (462 1 61) M 320QL (2.35)
Moreover, it is straightforward to verify that if « satisfies
m (1 —\%)2
< - 27 2.
0<a_M 32001 (2.36)
then (2.30) holds. Next, to make (2.32) hold, it suffices to make «:
a< L (2.37)
= buM’ '
Finally, to make (2.33) hold, it suffices to make
1—\?
a< . (2.38)
2u
To summarize, combining (2.36)—(2.38), we conclude that if the step-size a satisfies
1 m (1 —A%)2
O < e} = 1 2.39
sasa mln{5uM’320M o [’ (2.39)

then (2.29) holds with some € > 0 and thus p (Go) < 1 — &* according to Lemma 2.5.10. Furhter if a = @,

we have

m (1>\2)2},

1
G.) <1-mi :
P(Ga) < mm{zoM 1280M Q2

which completes the proof. O

2.5.4 Analysis of GT-SVRG

In this section, we conduct the complexity analysis of GT-SVRG in Algorithm 2 based on the auxiliary results

derived for the general dynamical system (2.4)-(2.5) in Section 2.5. Recall from Algorithm 2 that the gradient
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estimator vf at each node ¢ in GT-SVRG is given by the following: Vk > 1, choose sf uniformly at random

in {1,---,m;} and

where ¥ = x¥ if mod(k,T) = 0, where T is the length of each inner loop iterations of GT-SVRG; other-

3

wise TF = T,lf . To proceed, we define an auxiliary variable 7% = %Z?:l Tf, vk > 0.

2.5.4.1 Bounding the variance of the gradient estimator
We first bound the variance of v¥, following a similar procedure as the proof of Lemma 2.5.9.

Lemma 2.5.11. Let Assumption 2.3.2 hold and consider the iterates {vF} generated by GT-SVRG in Algo-

rithm 2. The following inequality holds Yk > 0:

B [|[v* — Ve |] < 4% [ - 3] + 4228 [ 2 x|
FALE [ =3[ varte [n I ]
Proof. We recall from Algorithm 2 the definition of v¥ in GT-SVRG and proceed as follows.
E[[Ivé - Ve |F17]
= B[V (xF) = V(7)) = (Vx5 = Vil H )17

o[ 1]

(92 (1) = V£, 060) + (V5 0) = 9 () |

<E[Hw” ) =V (7!

m;

72‘

2L ||xb — x| * + 202 || ¥ — x*||

IN

< AL? |xf - xF|7 4 4L? ||RF - xt||P AL ok -7 4 - x| (2.41)

where in the second inequality we used the standard conditional variance decomposition in (2.25). The proof

follows by summing (2.41) over i and taking the total expectation. O

Lemma 2.5.11 shows that as x* and 7F progressively approach the optimal solution x* of the Prob-

lem (2.1), the variance of the gradient estimator v* goes to zero. We then have the following corollary.

Corollary 2.5.2. Let Assumption 2.5.2 hold and consider the iterates {v*} generated by GT-SVRG. If 0 <

a<1

sr» then the following inequality holds Vk > 0:

E[[v¥ = V) [°] < 167502 [|[x* — 3xH|*] + 16L20%E [[[y* - 3y*(°] + 16.52%E [n]=* - x|

.

+45L%E ||| - 37H°] + 451%E |
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Proof. From Lemma 2.5.11, we have: Vk > 0,

E[[v5+ = VEGH)|*] < AL2B[||xH T - 3xF ] 4 412 [ ||=4 T - x*

|+ anE[frtt - 3]

+ALZE || = 3R] 4L2E [0 74 - x| (2.42)

Recall that 7F+1 = x**1 if mod(k + 1,T) = 0; otherwise, 7! = 7%, We first derive upper bounds on the

last two terms in (2.42) for these two cases seperately. On the one hand, if mod (k+1,7T) # 0, we have that
ALE (|| = 3P| 4R [ - x|

= AL%E (7% = 37°] + 4L%E [n |7 - x*

2} . (2.43)

On the other hand, if mod(k 4 1,T) = 0, we have that

4L2E |:HTIC+1 _ JTk+1H2:| 4 4L2E |:n H?k-‘rl _ X*| 2:|
= L% [+ = 3] 4+ 412K [n 75 - x ] (2.44)
Therefore, combining (2.43) and (2.44), we have that Vk > 0:

ALE (|75 — 37| 4+ 412K [n |74 - x

]
]

+4L%E [||7* = IrH*] + 4L%E [n 75 - x*|*] (2.45)

< AL%E [ = 3%k 7]+ 4L%E [n 24 - x°

Next, we apply (2.45) in (2.42) to obtain

B[[[vh+! = Ve P] < SL2E [t - 3x 7] 4 812 [ x5 - x|

+ALE |75 - 37| + AL%E [n 7 - x*

2} . (2.46)

The proof follows by using (2.7), (2.10) and Lemma 2.5.11 in (2.46). O

2.5.4.2 Proof of Theorem 2.3.2

We now apply the upper bounds on the variance of the gradient estimator v* in GT-SVRG obtained in
the previous subsection to refine the inequalities derived for the general dynamical system (2.4)-(2.5) in
Section 2.5 and establish the complexity for GT-SVRG. We first apply the upper bound on E[||vF — V£ (x*)||?]
in Lemma 2.5.11 to (2.10) to obtain Vk > 0:

2
2} < L*a (1 + 404) E [ka — JkaQ} + (1 — po+ 4La2> E {n Hik -x"
Looon n

E {n Hik"'l - x*

]

4L2 2
a 2} . (2.47)

> k k2 —k *
E (| - 3rt)] + E [n]|7* - x
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fo<a< i, we have (%+‘i—‘;‘) < %; if 0 < a < g5, we have 1*ua+%a2 < 1 — &%, Therefore,
if 0 < a < gf5, we have k > 0:
E[n & - x|°] < ZL:QIE [+ = 3xH|°] + (1= B2 ) E[n g - x|’
g = 3 ]+ R o ] (2.48)

Next, we apply the upper bounds on E[||vF — Vf(x*)||?] and E[||vF*! — V£(x¥1)|?] in Lemma 2.5.11 and

Corollary 2.5.2 to Lemma 2.5.6 and obtain: Vk > 0,

2 2
B [l - 3y 7] < 22 - ] + S o - ]
34+ A2
+ = Iyt -3y
38L2 2 38L2 - L2
+1—7)\2E [’|Tk_JTkH } +1_)\2]E{n“7-k—x | i|7 (2.49)
if0 < a< 12?/%2. Now, we write Lemma 2.6, (2.48) and (2.49) jointly in an entry-wise linear matrix

inequality that characterizes the evolution of GT-SVRG in the following proposition.

Proposition 2.5.2. Let Assumptions 2.5.1, 2.5.2 and 2.3.3 hold a nd Consider the iterates {x*}, {y*}, {v*}

generated by GT-SVRG. If the step-size a follows 0 < a < ‘;S\/_g‘;) , then the following linear matriz inequality

hold Yk > 0:
u" 1 < R, uf + H 0", (2.50)

where u*, 0 € R and Ry, H, € R3*3 are defined as

B [t — axt|] & [||7 - 374°] |
W= B[l x| | @ = (B[l x|
L |lys — vt 0
(14 )2 20°L* r 1
2 A Y o 0 0
R, — 212 L ke 0 , H, - 41%0%  4L%a? 0
" 2 n n
120 87 34\ 38 38
L1 )2 1-—)2 4 | L1—A2 1-X

Note that 7' is the number of the inner loop iterations of GT-SVRG. We will show that the subse-
quence {utT};>q of {u¥}4>0, which corresponds to the outer loop updates of GT-SVRG, converges to zero

linearly, based on which the total complexity of GT-SVRG will be established, in terms of the number of
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total component gradient computations required at each node to find the solution x*. We now recall from
Algorithm 2 that V& > 0, 7%t = x*1 if mod(k + 1,7) = 0; else 7#*+! = 7%. Therefore, Vt > 0 and
tT <k < (t+1)T — 1, we have 7% = x*T. Based on this discussion, (2.50) can be rewritten as the following

dynamical system with delays:
u*tl < R, uf + Hou'T, Vk € [tT,(t+1)T — 1], vt > 0.
We recursively apply the above inequality over k to obtain the evolution of the outer loop iterations {u'? };>o:

T-1
ul 7T < (Rg +> RgHa> u'?,  vt>o0. (2.51)
=0

Clearly, to show the linear decay of {u’”'};>, it sufficies to find the range of o such that p(Rg—l—Z;‘l_Ol R.H,) <

1. To this aim, we first derive the range of a such that p(R,) < 1.

Lemma 2.5.12. Let Assumptions 2.3.1, 2.5.2, 2.5.8 hold and consider the system matriz R, defined in

Proposition 2.5.2. If the step-size a follows 0 < a < (187Q2 , then
po
p(Ra) <[ Ra |2, <1- R (2.52)

-
where § = [1 8Q?, 61525;\%2}

Proof. In the light of Lemma 2.5.10, we solve for the range of o and a positive vector § = [d1, 2, d3] such

that the following entry-wise linear matrix inequality holds:
R.6 < (1-20)0,

which can be written equivalently as

po 2L2a253< 1— )2

4 T1-X6 - 27 (2:53)
8Q%6 < 6, (2.54)
Ho 1-— )\2 120 (51 87 (52
< — L =, .

4 = 4 1—X265 1—X24 (2:55)

Based on (2.54), we set §; = 1 and Jy = 6Q?. With J; and J, being fixed, we next choose d3 > 0 such

2 2
(53 — w) > 0. It suffices to set d5 = 2289 Now,

that the RHS of (2.55) is positive, i.e, 1 A=2)2 d-22)

453
with the previously fixed values of d1, 02,03, in order to make (2.55) hold, it suffices to choose a such

that 0 < a < % Similary, it can be verified that in order to make (2.53) hold, it sufficies to make «

satisfy 0 < a0 < U=2)" which completes the proof. O

187QL )
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We note that if the step-size « satisfies the condition in Lemma 2.5.12, we have p(R,) < 1. Moreover,

since R, is nonnegative, we have that

T-1 o)
R, <> R, =(Is-Ra)"
1=0 1=0
Therefore, the following from (2.51), we have:
ultT < (RI + (I; - Ro) 'Ha) u'?, vt >0. (2.56)

The rest of the convergence analysis is to derive the condition on the the number of each inner iterations T’

and the step-size a of GT-SVRG such that the following inequality holds:
P(Rg + (13 - Ra)ilHa) <1

We first show that (I3 — R,) 'H,, is sufficiently small under an appropriate weighted matrix norm in the

light of Lemma 2.5.10.

Lemma 2.5.13. Let Assumptions 2.3.1, 2.3.2 and 2.3.3 hold. Consider the system matrices Ry, H,, defined

in Proposition 2.5.2. If the step-size a follows 0 < a < (187Q2 , then

It~ Ry H |, < 0.6

-
where q = [1,1, %]

Proof. We start by deriving an entry-wise upper bound for the matrix (I3—R,,)~!. Note that the determinant
of (Is — R,) ™! is given by

(1—-X)2pa 348L%3  120a3ulL?

det (Is — Ry) = - _
et (I ) 16 p(1— 22~ (1-a2)2
It can be verified that if 0 < o < (}87/2;22,
(1= X*)pa

det (I — Ry) > (2.57)

32

Then we derive an entry-wise upper bound for adj(I3 — R,), where adj(-) denotes the adjugate of the

argument matrix and we denote [adj (-)]. . as its 7, jth entry:

%,
_ 1741202 . pL?a?
[adj (Is = Ra)l, 5 = P [adj (I3 = Ra)l1 5 = T3>
: (1-x%)? , 4L%a’
[adj (Is — Ra)]y 5 < —s [adj (Is — Ra)]y 5 = w1 — a2y
. 87 ) a(l— N2
i (L~ Ry, = o adj (1, ~ R = 02

27 4
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adj(IS*Ra) H

With the help of the above calculations, an entry-wise upper bound for (I3 — Ra)_1 H, = T r ) Ha

252
can be obtained, i.e., if 0 < a < (ig?)c\g% , we have

0.039 0.039 0

(Is;—Ra) 'Ho < | 023 023 0
334 334

0

(1-=X2)2 (1—A2)2
Using Lemma 2.5.10 in a similar way as the proof of Lemma 2.5.12, it can be verified that ( (Is — Ra)f1 Ha)q <

0.66q, where q = [1,1, %]T, which completes the proof.

Note that we use two different weighted matrix norms to bound R,, and (I3 — Ra)_lHa respectively in

Lemma 2.5.12 and 2.5.13, i.e., ||- |||go and ||| [|2, where § = [1,8Q2, {5153§%22]T and q = [1,1, %]T. It

c0?

can be verified that [36]: VX € R3*3,
s
X% < 8Q2IXI%- (2.58)

We next show the linear convergence of the outer loop of GT-SVRG, i.e., the linear decay of the subse-

quence {u'’'};5¢ of {u*};>0, where T is the number of inner loop iterations.

Proof of Theorem 2.5.2. Consider the iterates {u*} generated by GT-SVRG (defined in Proposition 2.5.2) and

recall the recursion in (2.56): vt > 0,u**DT < (RI + (I3 — R,) H,)u'". Note that the weighted vector

norm [|-||& induces the weighted matrix norm || - || [36]. Then using Lemma 2.5.12, 2.5.13 and (2.58), If the
step-size o = (ig}gi and the number of inner loop iterations 7' = (11436;%22 log(200Q), then we have: Vt > 0,
[ur|* < R+ 1~ Ry B T,
oo oo
< (IR, +0.66) [Ju %
< (8Q*(IRalI%)" +0.66) uT3,
<0.7|[u"|2, (2.59)

Clearly, (2.59) shows that the outer loop of GT-SVRG, i.e., {x!7};>, converges to an e-optimal solution
with O(log 1) iterations. We further note that in each inner loop of GT-SVRG, each node i computes (m;+2T)

local component gradients. Therefore, the total number of component gradient computations at each node

required is (’)((M + cgfiof)?) log %), where M is the largest number of data points over all nodes and the

proof is complete. U
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2.6 Conclusion

In this chapter, we present the GT-VR framework that allows flexible and appropriate constructions of decen-
tralized stochastic variance-reduced gradient methods over weight-balanced directed graphs with the help of
gradient tracking techniques. For definiteness, we develop proper decentralized versions of the centralized
SAGA and SVRG algorithms, namely GT-SAGA and GT-SVRG. It is shown that they achieve linear convergence
to the optimal solution for smooth and strongly convex problems. Furthermore, we show that GT-SAGA and
GT-SVRG in the big data regimes achieve non-asymptotic topology-independent linear speedups compared

with the centralized SAGA and SVRG that execute on a single node.



Chapter 3

Decentralized Smooth Non-Convex

Finite-Sum Optimization

This chapter focuses on decentralized smooth non-convex empirical risk minimization problems. In partic-
ular, we consider n nodes communicating over a balanced directed graph, where each node ¢ has access to a
local, private, collection of m smooth component functions {f; ; : R? — R};-”zl that are possibly non-convex.
Each f; ; can be viewed as a cost incurred by the j-th data sample at the i-th node. Our goal here is to have
the networked nodes agree on a first-order stationary point of the average of all component functions across
the nodes via local computation and decentralized communication. Under the GT-VR framework developed in
Chapter 2, we propose and analyze two decentralized stochastic variance-reduced algorithms, GT-SARAH and
GT-SAGA, to tackle this smooth non-convex finite-sum formulation. Specifically, we show that the gradient
complexity of GT-SARAH matches that of the centralized optimal methods for this problem class in big-data
regimes like data centers, while GT-SAGA exhibits superior performance compared with GT-SARAH and other

existing approaches in large-scale network regimes like Internet of Things (IoT).

3.1 Introduction

We consider decentralized finite-sum minimization of N := nm cost functions that takes the following form:
, 1 1

min F(x) := — Zfi(x), filx) = — Zfi’j(x), (3.1)
x€RP n 4 m

where each f; : R? — R, further decomposed as the average of m component costs {f; ; }}":1, is available
only at the i-th node in a network of n nodes. The network is abstracted as a directed graph G := {V, £},
where V := {1,--- ,n} is the set of node indices and & C V x V is the collection of ordered pairs (i,r),i,7 € V,

such that node r sends information to node i. We adopt the convention that (i,i) € £,¥i € V. Each node

48
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in the network is restricted to local computation and communication with its neighbors. Throughout the
chapter, we focus on the case where each f; ; is differentiable, not necessarily convex, and F' is bounded
below. This formulation often appears in decentralized empirical risk minimization, where each local cost f;
can be considered as an empirical risk computed over a finite number of m local data samples [31], and lies
at the heart of many modern machine learning problems [7,27]. Examples include non-convex linear models
and neural networks. When the local data size m is large, evaluating the exact gradient V f; of each local
cost at each iteration becomes computationally expensive and methods that efficiently sample each local
data batch are preferable. We are thus interested in designing fast stochastic gradient algorithms to find
an e-accurate first-order stationary point X € R? such that E[[|VF(X)|?] < €

Towards Problem (3.1), DSGD [19,37-39], a decentralized version of stochastic gradient descent (SGD) [7,
47,128], is often used to address the large-scale and decentralized nature of the data. DSGD is popular for
several inference and learning tasks due to its simplicity of implementation and speedup in comparison
to its centralized counterparts [2]. DSGD and its variants have been been extensively studied for different
computation and communication needs, e.g., momentum [40], directed graphs [41], escaping saddle-points [42,
43], zeroth-order schemes [44], swarming-based implementations [45], and constrained problems [46]. The
performance of DSGD for the non-convex Problem (3.1) however suffers from three major challenges: (i) the
non-degenerate variance of the stochastic gradients at each node; (ii) the dissimilarity among the local
functions across the nodes; and (iii) the transient time to reach the network topology independent region.
To elaborate these issues, we recap DSGD for Problem (3.1) and its convergence results as follows. Let x¥ € R?

denote the iterate of DSGD at node i and iteration k. At each node 4, DSGD performs [37,39]

xk+t = Zw xk gl k>0, (3.2)

where W = {w;,} € R"™™" is a weight matrix that respects the network topology, while gF € R? is a
stochastic gradient such that E[gF|x¥] = V f;(x¥). Assuming the bounded variance of each local stochastic
gradient gf, the bounded dissimilarity between the local and the global gradient [2], i.e., for some v > 0

and ¢ > 0,

sup E[[lgf - VAP <v*  and Sup*ZHsz VEXIP < (33)

i€V,k>0 xeRp T

and L-smoothness of each f;, it is shown in [2] that, for small enough « > 0,

1 = (X0 — F*  alv? o2L%? 2L
K;OE“VF W] = ( ok T T +(1)\)2>’ (3:4)

where X* := 1 3" x¥and (1 — ) € (0, 1] is the spectral gap of the weight matrix W. It then follows that [2]

for K large enough and with an appropriate step-size «, DSGD finds an e-accurate first-order stationary point
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of F in O(v?Le*) stochastic gradient computations across all nodes and therefore achieves asymptotic linear
speedup compared to the centralized SGD [7,47] that executes at a single node. Clearly, there are three issues

with the convergence properties of DSGD:

e Due to the non-degenerate stochastic gradient variance, the gradient complexity of DSGD does not
match that of the centralized near-optimal variance-reduced methods when minimizing a finite-sum of

smooth non-convex functions [48-50].

o The bounded dissimilarity assumption on the local and global gradients [2,41,43] or the coercivity of
each local function [42] is essential for establishing the convergence of DSGD. In fact, a counterexample
has been shown in [15] that DSGD diverges for any constant step-size when these types of assumptions
are violated. Furthermore, the practical performance of DSGD degrades significantly when the local
and the global gradients are substantially different, i.e., when the data distributions across the nodes

are largely heterogeneous [3,4, 20].

e DSGD achieves linear speedup only asymptotically, i.e., after a finite number of transient iterations that

is a polynomial function of n,v, ¢, L, and (1 — \) [2,40,116].

In this chapter, we show that the GT-VR framework presented in Chapter 2 provably addresses the
aforementioned challenges posed by DSGD in decentralized non-convex finite-sum optimization. We further

discuss trade-offs between different instantiations of GT-VR in this context.

3.2 Stochastic recursive variance reduction

In this section, we present and analyze the convergence properties of an instance of the GT-VR framework

that uses a recursive variance reduction technique [58].

3.2.1 Main contributions

We propose GT-SARAH, a novel decentralized stochastic variance-reduced gradient method that provably
addresses the aforementioned challenges posed by DSGD. GT-SARAH is based on a local SARAH-type gradient
estimator [48,49], which removes the variance incurred by the local stochastic gradients, and global gradient
tracking (GT) [55,65,129], that fuses the gradient estimators across the nodes such that the bounded dissim-
ilarity or the coercivity type assumptions are not required. Our main technical contributions for GT-SARAH

are summarized in the following.
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e We show that GT-SARAH, under appropriate algorithmic parameters, finds an e-accurate first-order

stationary point X of F such that E[|[VF(X)?] < €* in at most
Hp = O(max {Nl/Q,n(l N2 Pm - )M Le?)

component gradient computations across all nodes. The gradient complexity H g significantly outper-

forms that of the existing decentralized stochastic gradient algorithms for Problem (3.1); see Table 3.1.

« In a big-data regime such that n = O(N'/?(1 — \)3), the gradient complexity Hr of GT-SARAH reduces
to ’}QR = O(N1/2L6_2). We emphasize that 7-£R is independent of the network topology and matches
that of the centralized near-optimal variance-reduced methods [48-50] under a slightly stronger smooth-
ness assumption; see Remark 3.2.1 for details. Furthermore, since GT-SARAH computes n gradients in
parallel at each iteration, its per-node gradient complexity in this regime is O(N /2 =1e=2), demon-
strating a non-asymptotic linear speedup compared with the aforementioned centralized near-optimal
methods [48-50] that perform all gradient computations at a single node. To the best of our knowledge,

GT-SARAH is the first decentralized method that achieves this property for Problem (3.1).

e We show that choosing the local minibatch size of GT-SARAH judiciously balances the trade-offs between

the gradient and communication complexity; see Corollary 3.2.1 and Subsection 3.2.4.3 for details.

e We establish that all nodes in GT-SARAH asymptotically achieve consensus and converge to a first-order

stationary point of F' over infinite time horizon in the almost sure and mean-squared sense.

3.2.2 Related work

Several algorithms have been proposed to improve certain aspects of DSGD. For example, a stochastic vari-
ant of EXTRA [68], Exact Diffusion [20], and NIDS [69], called D2 [3], removes the bounded dissimilar-
ity assumption in DSGD based on a bias-correction principle. DSGT [4], introduced in [67] for smooth and
strongly convex problems, achieves a similar theoretical performance as D2 via gradient tracking [54-56,72],
but with more general choices of weight matrices. Reference [130] establishes asymptotic properties of a
decentralized stochastic primal-dual algorithm for smooth convex problems. Reference [131] develops de-
centralized primal-dual communication sliding algorithms that achieve communication efficiency for convex
and possibly nonsmooth problems. These methods however are subject to the non-degenerate variance of
the stochastic gradients. Inspired by the variance-reduction techniques for centralized stochastic optimiza-
tion [48-50,57,58,62-64,132-134], decentralized variance-reduced methods for smooth and strongly-convex
problems have been proposed recently, e.g., in [22-24, 31, 120]; in particular, the integration of gradient

tracking and variance reduction described here was introduced in [24,31] to obtain linear convergence.
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Table 3.1: A comparison of the gradient complexities of the-state-of-the-art decentralized stochastic gradient
methods to minimize a sum of N = nm smooth non-convex functions equally divided among n nodes. The
gradient complexity is in terms of the total number of component gradient computations across all nodes to
find a first-order stationary point X € RP such that E[||VF(X)||?] < €. In the table, v* denotes the bounded
variance of the stochastic gradients described in (3.3), (1 — A) € (0,1] is the spectral gap of the network
weight matrix and L is the smoothness parameter of the cost functions. We note that the complexities of
DSGD, D2, DSGT in the table are established in the setting of stochastic first-order oracles, which is more
general than the finite-sum formulation considered here. Moreover, the complexities of DSGD, D2, DSGT in
the table are stated in the regime that € is small enough for simplicity; see [2-4] for their precise expressions.
Finally, we note that only the best possible gradient complexity of GT-SARAH, in the sense of Theorem 3.2.3,
is presented in the table for conciseness; see Corollary 3.2.1 and Subsection 3.2.4.3 for detailed discussion on
balancing the trade-offs between the gradient and communication complexity of GT-SARAH.

Algorithm Gradient complexity Remarks
V2L bounded variance,
DSGD [2] o ( €4 > bounded dissimilarity
2L
D2 [3] (@] (V4> bounded variance
€
2L
GT-DSGD [4] (@] <I/4> bounded variance
€
D-GET [135] n/ANLY a,b € R are not
o (1— )¢ explicitly shown in [135]

GT-SARAH 1 n n*m!/A\ L See Theorem 3.2.3 and
. O max{N/? —— ————— + — .
(this work) 1-=X2" 1-2)\ €2 Corollary 3.2.1

A recent paper [135] proposes D-GET for Problem (3.1), which also considers local SARAH-type variance
reduction and gradient tracking. In the following, we compare our work to [135] from a few major technical
aspects.! First, the gradient complexity H g of GT-SARAH improves that of D-GET in terms of the dependence
on n and m; see Table 3.1. In particular, in a big-data regime, n = O(N'/?(1—\)?), Hr matches the gradient
complexity of the centralized near-optimal methods [48-50]; in contrast, the gradient complexity of D-GET
is worse than that of the centralized near-optimal methods by a factor of n'/? even if the network is fully-
connected. Second, the complexity results of D-GET are attained with a specific local minibatch size m'/2.
Conversely, we establish general complexity bounds of GT-SARAH with arbitrary local minibatch size and
characterize the computation-communication trade-offs induced by different choices of the minibatch size.
Third, the Lyapunov function based convergence analysis of D-GET does not show explicit dependence of
several important problem parameters, such as (1—\) and L, while the analysis in this work reveals explicitly
the dependence of all problem related parameters and sheds light on their implications. Fourth, we note that
both GT-SARAH and D-GET achieve a worst case communication complexity of the form O((1 — \)~¢Lbe~2),
independent of m and n, for some a,b € RT. Since the dependence of a and b in D-GET are not explicit, it
is unclear which algorithm achieves a lower communication complexity. Finally, [135] presents a variant of

D-GET that is applicable to a more general online setting such as expected risk minimization.

INote that [135] uses E[||VF(X)||2] < € as the performance metric, while we use E[[|VF(x)||2] < €2 here. We state the
complexities of D-GET established in [135] under our metric for consistency.
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aly

SARAH-based VR
Node

Global GT
Network

Figure 3.1: Each node i samples a minibatch of stochastic gradients {V f; -, }2 | at each iteration from its
local data batch and computes an estimator v; of its local batch gradient V f; via a SARAH-type variance
reduction (VR) procedure. These local gradient estimators v;’s are then fused over the network via a gradient
tracking technique to obtain y;’s that approximate the global gradient VF'.

3.2.3 The GT-SARAH algorithm

We now systematically build the proposed algorithm GT-SARAH and provide the basic intuition. We recall
that the performance (3.4) of DSGD, in addition to the first term which is similar to that of the centralized
batch gradient descent, has three additional bias terms. The second and third bias terms in (3.4) depend on
the variance v? of local stochastic gradients. A variance-reduced gradient estimation procedure of SARAH-
type [48,49], employed locally at each node i in GT-SARAH, removes 2. The last bias term in (3.4) is due
to the dissimilarity (? between the local gradients {V f;}"_; and the global gradient VF. A dynamic fusion
mechanism, called gradient tracking [54-56,65, 73], removes (2 by tracking the average of the local gradient
estimators in GT-SARAH to learn the global gradient at each node. This process is illustrated in Fig. 3.1.
The complete implementation of GT-SARAH is summarized in Algorithm 3, where we assume that all nodes
start from the same point X*! € RP. GT-SARAH can be interpreted as a double loop method with an outer
loop, indexed by s, and an inner loop, indexed by ¢. At the beginning of each outer loop s, GT-SARAH com-

putes the local batch gradient v?’s =V fi(x?’s) at each node ¢. These batch gradients are then used to

yS

compute the first iteration of the global gradient tracker y; and the state update xi1 5. The three quan-

S

tities, V?’S,yi ’S,xg *®) set up the subsequent inner loop iterations. At each inner loop iteration ¢ > 1, each

node i samples two minibatch stochastic gradients from its local data that are used to construct the gradient

t—1,s
i

estimator vf’s. We note that the gradient estimator is of recursive nature, i.e., it depends on v and

the minibatch stochastic gradients evaluated at the current and the past states xE"s and xﬁfl’s. The next

1,s

step is to update yf-“’s based on the gradient tracking protocol. Finally, the state xf-+ at each node 14

is computed as a convex combination of the states of the neighboring nodes followed by a descent in the

t+1,s q+1,s
7 . )

The latest updates x; ;H'l’s

direction of the gradient tracker y and v{® then set up the next

y

inner-outer loop cycle of GT-SARAH.
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Algorithm 3 GT-SARAH at each node ¢
Require: x'' =% e R?, a e R*, g€ Zt, S € Zt, Be Zt, {w;, }'y, y)'' = 0,, v; " = 0,.
1: for s=1,2,---,5 do

2: vt = VHxY®) = > Vi (x%); > batch gradient computation
3: ;"= >t @iryg’s Fvyt v > gradient tracking
4 XzLS =3 W, XS — 04}’11’8 > state update

5: fort=1,2,--- ;g do

6: for I in {1,---, B}, choose Ti’ls uniformly at random from {1,--- ,m}; > sampling
7: V?S = % ZlB;l (Vfi’_rit,ls (XZ’S) - Vfiﬂ_it,ls (XE_LS)) + VZ_LS; > SARAH
8: y, = oy Wy vt - Vi > gradient tracking
9: XEH’S =3 w, XLt — 04}’2“’5; > state update
10: end for

11: Set x T = xdths, ylstl — gatls, yobstl _ a5 > next cycle
12: end for

3.2.4 Main convergence results

In this section, we present the main convergence results of GT-SARAH and discuss their implications. We

make the following assumptions to establish the convergence properties of GT-SARAH.

Assumption 3.2.1. Each local component cost f; ; is differentiable and {f; ; };":1 satisfies a mean-squared

smoothness property, i.e., for some L > 0,
1 & .
S V00 - Vs IP < Plx -yl VieV, vy eR?. (35)
j=1
In addition, the global cost F is bounded below, i.e., F* := infycrr F(x) > —00.

It is clear that under Assumption 3.2.1, each f; and F' are L-smooth. We note that Assumption 3.2.1 is

weaker than requiring each f; ; to be L-smooth.

Remark 3.2.1. The local mean-squared smoothness assumption (3.5), which is also used in the exist-
ing work [135], is slightly stronger than the smoothness assumption required by the existing lower bound
Q(N'2Le=2) [49,136] and the centralized near-optimal methods [48-50] for finite-sum problems in the fol-
lowing sense. If we view Problem (3.1) as a centralized optimization problem, that is, all f; ;’s are available
at a single node, then the aforementioned lower bound and the convergence of the centralized near-optimal
methods are established under the following assumption:

1 n m
S S IV - VI < Pk - y]P, vxy € RY. (36)

i=1 j=1
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Clearly, (3.6) is implied by (3.5) but not vice versa. Due to this subtle difference, it is unclear whether the
existing lower bound Q(N'/2Le~2) [49, 136] established under (3.6) remains valid under (3.5). Finally, we
note that a lower bound result for decentralized deterministic first-order algorithms in the case of m = 1

can be found in [87].
Assumption 3.2.2. The family {Tf’ls ctel,ql,s>1ieVie [I,B]} of random variables is independent.
Assumption 3.2.2 is standard in the stochastic optimization literature, e.g., [7,49].

Assumption 3.2.3. The nonnegative weight matric W := {w;,} € R"*™ associated with the network G =
(V, &) has positive diagonals and is primitive. Moreover, W is doubly stochastic, i.e., W1, = 1, and

1,/w=1].
An important consequence of Assumption 3.2.3 is that [56]
A= (| W - 21,1, [ = (W) € [0,1), (3.7)

where \2(W) denotes the second largest singular value of W.? We term (1 — \) as the spectral gap of W.

that characterizes the connectivity of the network [27].

Remark 3.2.2. Weight matrices satisfying Assumption 3.2.3 may be designed for the family of strongly-
connected directed graphs that admit doubly-stochastic weights: (i) towards the primitivity requirement
in Assumption 3.2.3, we note that if a graph is strongly-connected, then its associated weight matrix W
is irreducible [36, Theorem 6.2.14, 6.2.24] and W is further primitive since it is nonnegative with positive
diagonals [36, Lemma 8.5.4]; (ii) towards the doubly stochastic requirement in Assumption 3.2.3, we refer
the readers to [125] for necessary and sufficient conditions under which a strongly connected directed graph
admits doubly stochastic weights.

An important special case of this family is undirected connected graphs where doubly stochastic weights
always exist and can be constructed in an efficient and decentralized manner, for instance, by the lazy Metro-
plis rule [27]. Hence, Assumption 3.2.3 is more general than the one required by EXTRA-based algorithms for
decentralized optimization. For example, the weight matrix of D2 needs to be symmetric and meet certain

spectral properties [3] and is therefore not applicable to directed graphs.

We formally state the convergence results of GT-SARAH next, whose proofs are deferred to Subsection 3.2.6.2.

2We note that the relation in (3.7) may be established by following the definition of the spectral norm with the help
of the primitivity and doubly stochasticity of W and W W, Perron-Frobenius theorem, and the spectral decomposition
of WTW [36,56].
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3.2.4.1 Asymptotic almost sure and mean-squared convergence
The following theorem shows the asymptotic convergence of GT-SARAH.

Theorem 3.2.1. Let Assumptions 3.2.1-3.2.3 hold. Suppose that the step-size «, minibatch size B, and the

inner-loop length q of GT-SARAH follow

0 < a < min 7(1 _ )\2)2 @ ” inB ” 1- )2 i
- 4/42 7\ 6q " \TnB + 24¢q 6 2L’

where B € [1,m]. Then we have: ¥Vt € [0,¢], Vi € V,

P(Jim [[VF)|=0) =1 and  lim E[|VFx)]] =0,

§—00 §—00

Pl i - =0) =1 and tim B[l x| =0

S$—00 S5— 00

wt,s . 1\ t,s
where X% 1= =y X7,

In addition to the mean-squared convergence that is standard in the stochastic optimization literature,
the almost sure convergence in Theorem 3.2.1 guarantees that all nodes in GT-SARAH asymptotically achieve

consensus and converge to a first-order stationary point of F' on almost every sample path.

3.2.4.2 Complexities of GT-SARAH for finding first-order stationary points
We measure the outer-loop complexity of GT-SARAH in the following sense.

Definition 3.2.1. Consider the sequence of random vectors {st} generated by GT-SARAH, at each node i.
We say that GT-SARAH finds an e-accurate first-order stationary point of F in S outer-loop iterations if

1 L1 ) . s
ST 2 B[V + 2 x| < e (33)
1

s=1t=0 =

This is a standard metric that is concerned with the minimum of the stationary gaps and consensus
errors over iterations in the mean-squared sense at each node [2,3,48-50]. In particular, if (3.8) holds and
the output X of GT-SARAH is chosen uniformly at random from the set {x/®:0 <t <q,1<s<S,i €V},

then we have E[|VF(X)]|?] < €. We first provide the outer-loop iteration complexity of GT-SARAH.

Theorem 3.2.2. Let Assumptions 3.2.1-3.2.3 hold. Suppose that the step-size «, minibatch size B, and the

inner-loop length q of GT-SARAH follow

0 ocmin ] L=X) (0B e B\ 1-a2) 1
min —_— —_— —_—
“= 4/42 7 \ 6g " \TnB + 24q 6 2L’

where B € [1,m]. Then the number of the outer-loop iterations S required by GT-SARAH to find an e-accurate

stationary point of F' is at most

G+ DaLe <4L (FE™) — F*) + % Z 1V £:&Y| )
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Using Theorem 3.2.2, the gradient and communication complexities of GT-SARAH can be readily established.

Theorem 3.2.3. Let Assumptions 3.2.1-3.2.3 hold. Suppose that the step-size « and the length q of the

inner loop of GT-SARAH are chosen as’

(3.9)

n'2B n'fB*(1 —)\)} 1)
L )

q= O(%) and o= O(min{(l — )2,

miz mi/3
where B € [1,m]. Then GT-SARAH finds an e-accurate stationary point of F in

1/3 2/3 1/3
Hp = O(max{(liB)\)z, N'/2, mln_)\B}AQ>

€
component gradient computations across all nodes and

1 m'/? m'/ A
R = )

rounds of communication, where A := L (F(X%') — F*) + L 3" |V f;(x%1)||%.

Remark 3.2.3. Theorem 3.2.3 holds for an arbitrary minibatch size B € [1,m].
Remark 3.2.4. The gradient complexity at each node of GT-SARAH is Hp/n.

In view of Theorem 3.2.3, as the minibatch size B increases, the gradient complexity Hp (resp. the
communication complexity Kg) of GT-SARAH is non-decreasing (resp. non-increasing). The following corol-
lary may be obtained from Theorem 3.2.3 by standard algebraic manipulations and shows that choosing the

minibatch size B appropriately leads to favorable computation and communication trade-offs.

Corollary 3.2.1. Let Assumptions 3.2.1-3.2.3 hold. Suppose that the step-size a and the inner-loop length q
of GT-SARAH are chosen according to (3.9). We have the following complexity results.
(i) If B € [1,|R]], where R := max {m'*n="2(1 — \)3,1}, then GT-SARAH attains the best possible, in

the sense of Theorem 3.2.3, gradient complezity

1/3,,2/3 A
n 15 MM .
HR ::O(max{(l_w, N/, 1_)\}62), (310)

moreover, when B = | R], the corresponding communication complexity of GT-SARAH is

(ii) If B € [[C],m], where C := max {m'/*n="2(1 — X\)*2,1}, then GT-SARAH attains the best possible,

in the sense of Theorem 3.2.3, communication complexity

Ke = O<(1_1/\)2§>; (3.12)

3The O notation only hides universal constants that are independent of problem parameters.
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moreover, when B = [C'], the corresponding gradient complexity of GT-SARAH is

1/2 13, 2/3
n N m *n }A) (3.13)

’Hc::(’)<max{(1_)\)2, (1_)\)1/27 1— 2\ ?

Comparing (3.10) (3.11) with (3.13) (3.12), we clearly have Hr < H¢o and Kr > K¢

3.2.4.3 Two regimes of practical significance

We now discuss the implications of the complexity results in Corollary 3.2.1 and the corresponding computation-

communication trade-offs in the following regimes of practical significance.

+ Big-data regime: n = O(N'/?(1 — \)?). In this regime, typical to large-scale machine learning, i.e.,
the total number of data samples N is very large, it can be verified that Hpr reduces to ﬁR =
O(N'2Ae2) and Ky reduces to K := O((1 —A)"3Ae~2). It is worth noting that Hp is independent
of the network topology and matches the gradient complexity of the centralized near-optimal variance-
reduced methods [48-50] for this problem class up to constant factors, under a slightly stronger smooth-
ness assumption; see Remark 3.2.1. Moreover, Hr demonstrates a non-asymptotic linear speedup in
that the number of component gradient computations required at each node to achieve an e-accurate
stationary point of F' is reduced by a factor of 1/n, compared to the aforementioned centralized near-
optimal algorithms [48-50] that perform all gradient computations at a single node. On the other
hand, it is straightforward to verify that He reduces to Heo := O(N'Y2(1 — A)~"2Ae~2). In other
words, in this big-data regime, choosing a large minibatch size B = [C'] improves the communication
complexity from Kr to K¢ while deteriorates the gradient complexity from Hr to 7-Lc, demonstrating

an interesting trade-off between computation and communication.

+ Large-scale network regime: n = Q(N'/?(1 — \)*/2). In this regime, typical to ad hoc ToT networks,

i.e., the number of the nodes n and the network spectral gap inverse (1 — \)~!

are large compared
with the total number of samples N, it can be verified that R = C' = 1 and consequently Hr = H¢
reduce to O(n(1 — A\)72Ae"2) while Kg = K¢ reduce to O((1 — A\)72Ae2). In other words, in this

large-scale network regime, the minibatch size B = O(1) is preferred since it attains the best possible

gradient and communication complexity simultaneously, in the sense of Theorem 3.2.3.

Remark 3.2.5 (Characterization of the big-data regime). We note that the number of nodes n may be
interpreted as the intrinsic minibatch size of GT-SARAH. We recall that the centralized near-optimal variance-
reduced algorithms [48-50] for this problem class retain their best possible gradient complexity if their

minibatch size does not exceed N'/2 [48]. Thus, the aforementioned big-data regime n = O(N'/2(1 — \)?)
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approaches the centralized one as the network connectivity improves and matches the centralized one when

the network is fully connected, i.e., A = 0.

3.2.5 Numerical experiments

In this section, we illustrate, by numerical experiments, our main theoretical claim that GT-SARAH finds a
first-order stationary point of Problem (3.1) with a significantly improved gradient complexity compared to

the existing decentralized stochastic gradient methods.

3.2.5.1 Setup

We consider a non-convez logistic regression model [137] for binary classification over a decentralized network
of n nodes with m data samples at each node: minxers F(x) := £ 327, = 37" (fij(%) +7(x)), such that

the logistic loss f; j(x) and the non-convex regularization r(x) are given by
T - x]3
fi,j (X) = IOg [1 + exp{ — (X 0i,j)£i,j}:| and ’I‘(X) = RZ W’ (314)
d=1 d

where [x]q denotes the d-th coordinate of x. In (3.14), note that 8, ; € R? is the j-th data sample at
the i-th node and &; ; € {—1,+1} is the corresponding binary label. The details of the datasets under
consideration are provided in Table 3.2. We normalize each data sample such that ||0; ;|| = 1,Vi,j, and
set the regularization parameter as R = 1073. The doubly stochastic weight matrices associated with the
networks are generated by the lazy Metroplis rule [27]. We characterize the performance of the algorithms
in comparison in terms of the decrease of the network stationary gap versus epochs, where the stationary
gap is defined as | VF(X)||+ 1 Y, [lx; — X||, where x; is the estimate of the stationary point of F at node i

and X:= 1 27‘1—1 x;, and each epoch represents m component gradient computations at each node.
n 1=

3.2.5.2 Performance comparisons

We compare the performance of GT-SARAH with DSGT [4] and D-GET [135]; we note that D2 [3] and DSGD [2]
are not presented here for conciseness, since in general the former achieves a similar performance with DSGT
and the latter underperforms DSGT and D2 [3,15,31]. Towards the parameter selection of each algorithm,
we use the following setup: (i) for GT-SARAH, we choose its minibatch size as B = 1 and its inner-loop
length as ¢ = m in light of Corollary 3.2.1; (ii) for D-GET, we choose its minibatch size and inner-loop length
as |m'/?] under which its convergence is established; see Theorem 1 in [135]; and (iii) we manually optimize
the step-sizes for GT-SARAH, D-GET, and DSGT across all experiments.

We first compare the performances of GT-SARAH, DSGT, and D-GET in the big-data regime, that is, the

number of samples m at each node is relatively large. To this aim, we distribute the covertype, MiniBooNE,
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Table 3.2: Datasets used in numerical experiments, available at https://www.openml.org/.

Dataset Number of samples (N = nm) | dimension (p)
covertype 100,000 54
MiniBooNE 100,000 51
KDD98 82,000 477
w8a 60,000 300
aa 48,800 124
Fashion-MNIST (T-shirt versus dress) 10,000 784
covertype 100 MiniBooNE 100 KDD98
—— DSGT | —— DSGT —— DSGT
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Figure 3.2: Performance comparison of GT-SARAH, DSGT, and D-GET over a 10-node exponential graph on the
covertype, MiniBooNE, and KDD98 dataset.

w8a a%a Fashion-MNIST
—»— DSGT —— DSGT —— DSGT
o +— D-GET +— D-GET \ »— D-GET
2 10 —e— GT-SARAH 107! —e— GT-SARAH £ “ —e— GT-SARAH
o o ()]
- > >1071
© © ©
S 10 S, S
g 510 s
(2] (%] "
- 1072
10°3 103
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
Epoch Epoch Epoch

Figure 3.3: Performance comparison of GT-SARAH, DSGT, and D-GET over the 10 x 10 grid graph on the w8a,
a9a, and Fashion-MNIST dataset.

and KDD98 dataset over a 10-node exponential graph [27] whose associated second largest singular value A &
0.71. The experimental results are presented in Fig. 3.2, where GT-SARAH outperforms DSGT and D-GET. We
also observe that D-GET outperforms DSGT in this case since the performance of the latter is deteriorated by
the large variance of the stochastic gradients as the number of the samples m at each node is large.

We next consider the large-scale network regime, where the network spectral gap inverse (1 — \)~! and
the number of the nodes n are relatively large compared with the local sample size m. We distribute the
w8a, a9a, and Fashion-MNIST dataset over the n = 10 x 10 grid graph whose associated second largest
eigenvalue A =~ 0.99. The performance comparison of the algorithms is shown in Fig. 3.3, where we observe

that GT-SARAH still outperforms DSGT and D-GET. Besides, it is worth noting that D-GET underperforms DSGT
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in this case. We provide an explanation about this phenomenon in the following. In the regime where m
is relatively small, the variance of the stochastic gradients is relatively small and as a consequence DSGT
performs well. On the other hand, the minibatch size Lml/zj of D-GET is too large in this regime to achieve

a satisfactory performance; see the related discussion in Subsection 3.2.4.3.

3.2.6 Qutline of the convergence analysis

In this section, we present the proof pipeline for Theorems 3.2.1, 3.2.2, and 3.2.3. The analysis framework
is novel and general and may be applied to other decentralized algorithms built around variance reduction
and gradient tracking. To proceed, we first write GT-SARAH in a matrix form. Recall that GT-SARAH is a
double loop method, where the outer loop index is s € {1,...,S5} and the inner loop index is t € {0,...,q}.

It is straightforward to verify that GT-SARAH can be equivalently written as: Vs > 1 and ¢ € [0, ¢],

yitls — Wyts vyt _ yt=ls, (3.15a)
Xt+1,s _ Wxt,s o Oéyt+1’s, (315b)
where v* x"*, and y»*, in R, that concatenate local gradient estimators {vi*}7 | states {x/°}7 |,

and gradient trackers {y’*}" |, respectively, and W := W @ I,,. We recall that x0st1 = xat1s y0s+1 —
yaths yhstl — y0s s > 1, and v 1! = 0,, from Algorithm 3 under the vector notation. Under
Assumption 3.2.3, we have [36]

J:= lim W* = (%1,;,3) o1,

k—o0
i.e., the power limit of the network weight matrix W is the exact averaging matrix J. We also introduce the

following notation for convenience:

T _
VE(x"®) = [VAE) T ViR T, VERxD) = 1(1) @ 1,)VE(x"*),
=2l @ L)X,y =1, @)y, V= L1, L) v
In particular, we note that |[VE(x%1)||? := 3" | [|[Vf;(X%)||2. Through the rest of Section 3.2, we assume

that Assumptions 3.2.1, 3.2.2, and 3.2.3 hold without explicitly stating them. We define the natural filtration

associated with the probability space, an increasing family of sub-o-algebras of F, as
Fbd =0 (U(T;;LS cieV,le(l,B]), ]-"“1’5) , t€[2,q+1], s>1,

where F18 :=: F0s := Fatls—1 5> 92 and Fb! :=: FO! are the trivial o-algebra. It can be verified by
induction that x**, y»* are F%*-measurable, and v** is F*1s-measurable, Vs > 1 and t € [0, g]. We assume

that the starting point X%! of GT-SARAH is a constant vector. We next present some standard results in



CHAPTER 3. DECENTRALIZED SMOOTH NON-CONVEX FINITE-SUM OPTIMIZATION 62

the context of decentralized optimization and gradient tracking methods. The following lemma provides an
upper bound on the difference between the exact global gradient and the average of local batch gradients in

terms of the state consensus error, as a result of the L-smoothness of each f;.
Lemma 3.2.1. ||Vf(x"*) — VF(it’S)||2 < %QHXt’S - th’SHQ, Vs >1 andt € [0,q].

Proof. Observe that: Vs > 1 and ¢ € [0, ¢],

n 2

> (VHEE) = Vi(E))

i=1

1 i s —=t,s
= Y IVAGE) - VaE)
=1

[F76e) — 9 () = 5

n

2
S e st
n

=1

where the last line is due to the L-smoothness of each f;. The proof is complete. ]

2
)

IN

The following are some standard inequalities on the state consensus error.

Lemma 3.2.2. The following inequalities holds: ¥s > 1 and t € [0, q],

202
1— )2

th+1,s . th+1,sH2 < QHXt,s . th,sHQ + 2a2Hyt+1,s . Jyt+1,sH2_ (3.17)

14+

2
[t — th+1,s||2 < . [xct — th,s||2 T _ Jyt+1,s||2' (3.16)

||yt+1,s

Proof. Using (3.15b) and the fact that JW = J, we have: Vs > 1 and V¢ € [0, ¢],

||Xt+1,s . th+1,sH2 _ wat,s . ayt+1,s . J(Wxt,s . ayt+1,s)H2

= ||Wxt’S —Jxb — oz(ytJrl’S - Jyt+1’5) ||2 (3.18)

We apply Young’s inequality, [[a+b||? < (1+n)[lal*+ (1+11)||b||?, Va,b € R"?, Vi > 0, and Lemma 3.2.4

to (3.18) to obtain: Vs > 1 and V¢t € [0, ¢],
||Xt+1,s _th+1,s||2 < (1 +77) )\2th,s - th,sH2 + (1 _|_7771) a2Hyt+1,s _Jyt+1,sH2'

Setting 7 as 12_)\’\22 and 1 respectively yields (3.16) and (3.17). O

3.2.6.1 Auxiliary relationships

First, as a consequence of the gradient tracking update (3.15b), it is straightforward to show by induction

the following result.

Lemma 3.2.3. 1 =35 Vs > 1 and t € [0, q].
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Proof. See Section 3.2.7.1. O

The above lemma states that the average of gradient trackers preserves the average of local gradient

estimators. Under Assumption 3.2.3, we obtain that the weight matrix W is a contraction operator [56].
Lemma 3.2.4. |[Wx — Jx|| < A||x — x|, Yx € R™, for A € [0,1) defined in (3.7).

Lemmas 3.2.3 and 3.2.4 are standard in decentralized optimization and gradient tracking [54,56]. The L-

smoothness of F' leads to the following quadratic upper bound [6]:
L 2
F(y) < F) +(VEG),y —x) + 5 ly —xI?, Wy e B, (319)

Consequently, the following descent type lemma on the iterates generated by GT-SARAH may be established

it+1,s t,s

by setting y = and x = X"® in (3.19) and taking a telescoping sum across all iterations of GT-SARAH

with the help of Lemmas 3.2.3 and the L-smoothness of each f;.

Lemma 3.2.5. If the step-size follows that 0 < a < then we have:

2L’
o an 2 o 1
E[F(x9)] < FE) =5 DD B[IVEE|] - 530S Rl
s=1t=0 s=1t=0
S q S g t, t,s)(2
S [ PR i stu
s=1t=0 s=1 t=0
Proof. See Section 3.2.7.2. O

In light of Lemma 3.2.5, our analysis approach is to derive the range of o of GT-SARAH such that
q q

- 5.4 ts _ Jxts
ZZE [ ]_ZZE[ —ts w(xt7s)H2}_LQZZE[||X J

s=1t=0 s=1t=0 s=1t=0

| =

20

and therefore establishes the convergence of GT-SARAH to a first-order stationary point following the standard
arguments in batch gradient descent for non-convex problems [6,7]. To this aim, we need to derive upper
bounds for two error terms in the above expression: (i) ||[v"* — Vf(x»*)||?, the gradient estimation error;

and (i) ||xb* — Jx"#||?, the state consensus error. We quantify these two errors next and then return to

Lemma 3.2.5. The following lemma is obtained with similar probabilistic arguments for SARAH-type [48-50]

estimators, however, with subtle modifications due to the decentralized network effect.

Lemma 3.2.6. We have: Vs > 1,

q L 3 2L2q 6q2 q ts _ Jxts||2
> E[lvt - Tt 7] < M i) + 2 e[ P BEE,
t=0 t=0 t=0

Proof. See Section 3.2.7.3. O
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Note that Lemma 3.2.6 shows that the accumulated gradient estimation error over one inner loop may
be bounded by the accumulated state consensus error and the norm of the gradient estimators. Lemma 3.2.6
thus may be used to simplify the right hand side of the descent inequality in Lemma 3.2.5. Naturally, what
is left is to seek an upper bound for the state consensus error in terms of E[||[v"*||?]. This result is presented

in the following lemma.

(1=2%)?
8vV42L 7

Lemma 3.2.7. If the step-size follows 0 < a < then

S q q
5t — Jxbs||2 640> VG| 1536a4L2 s
>3 5| < o LS DR

s=1t=0 s=1t=0

Proof. See Section 3.2.7.4. O

Establishing Lemma 3.2.7 requires a careful analysis; here, we provide a brief sketch. Recall the
GT-SARAH algorithm in (3.15a)-(3.15b) and note that the state vector x»* is coupled with the gradient

tracker y**. Thus, in order to quantify the state consensus error ||x* — Jx"*||?, we need to establish its

relationship with the gradient tracking error ||y%* —Jy®*
formulate a linear time-invariant (LTT) system dynamics whose system matrix is stable under a certain range
of the step-size . Solving this LTI yields Lemma 3.2.7.

Finally, it is straightforward to use Lemmas 3.2.6 and 3.2.7 to refine the descent inequality in Lemma 3.2.5

to obtain the following result.

— . [(1=2Y)? By anB_ \'/11-2%1 1
Lemma 3.2.8. If0<a<a:= mln{ R (G—q) , (7nB+24q) 5 } 51, then

2o [ x5 ths||2 IR )
2y > E| } gZZZE[HVF 1§

s=1 t=0 i1=1 s=1 t=0
(F(x" ) F*) (7 6g ) 2560°L* ||[VE(")|?
nB ) (1—)\2)3 n '

Proof. See Section 3.2.7.5. O

We note that the descent inequality in Lemma 3.2.8 that characterizes the convergence of GT-SARAH is
independent of the variance of local gradient estimators and of the difference between the local and the
global gradient. In fact, it has similarities to that of the centralized batch gradient descent [6,7]; see also the
discussion on DSGD in Section 3.1. This is a consequence of the joint use of the local variance reduction and
the global gradient tracking. This is essentially why we are able to match the gradient complexity of the
centralized near-optimal methods for finite sum problems and obtain the almost sure convergence guarantee

of GT-SARAH to a stationary point.
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3.2.6.2 Proofs of the main theorems
With Lemma 3.2.8 at hand, Theorems 3.2.1, 3.2.2, and 3.2.3 are now straightforward to prove.

Proof of Theorem 3.2.1. We observe from Lemma 3.2.8 that if 0 < o < @, then
o g
ZZ [IVFGD)|? + L2 |x)* —="?] <00, Vi€V,
s=11=0

which implies all nodes achieve consensus and converge to a stationary point in the mean-squared sense.
Further, by monotone convergence theorem [127], we exchange the order of the expectation and the series

to obtain:
q

o)

E[ZZ ||VF ts ”2 +L2||Xt s _Xt,s2)‘| < 00, Vi € V,
s=1t=0

which leads to

oo g
v (ZZ (IIVEGI? + L2 ;" = x"2)1?) < OO) =1, VieV,

s=1t=0
i.e., the consensus and convergence to a stationary point in the almost sure sense. O
Proof of Theorem 3.2.2. We recall the metric of the outer loop complexity in Definition 3.2.1 and we divide
the descent inequality in Lemma 3.2.8 by S(g+ 1) from both sides. It is then clear that to find an e-accurate

stationary point of F', it suffices to choose the total number of the outer loop iterations S such that

4(FERMY) - F*) (7 L 6 2560°L%  [VEGDI _
S(g+ 1) 4 nB) S(g+1)(1—A2)3 n -

(3.20)

The proof follows by that if 0 < o < (#54(1)%%, then (% + 1%) %i"i‘ff); < -, and by solving for the

lower bound on S such that (3.20) holds. O

Proof of Theorem 3.2.53. During each inner loop, GT-SARAH incurs n(m + 2¢B) component gradient com-
putations across all nodes and ¢ rounds of communication of the network. Hence, to find an e-accurate

stationary point of F', GT-SARAH requires, according to Theorem 3.2.2, at most

o (n<m+q3> (L () 5 4 ||Vf<x°»1>|2)

qacLe? n

component gradient computations across all nodes and

k=0t - ) +Vf(x0’l)”2>)

n
rounds of communication of the network. The proof follows by setting the step-size « as its upper bound in

Theorem 3.2.2 and the length of the inner loop as ¢ = O(%). O

3.2.7 Detailed proofs for lemmata in Section 3.2.6

In this section, we present the proofs of the technical lemmas 3.2.3, 3.2.5, 3.2.6, 3.2.7, 3.2.8.
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3.2.7.1 Proof of Lemma 3.2.3

Using Assumption 3.2.3, we multiply (3.15a) by (1, ®I,) to obtain: Vs > 1 and ¢ € [0, q],

yt+l7s _ yt7s +Vt’5 _ vt—l,s
t 1,s +V Vt—2,s
—t,s —=—1,s

_ yq+17s—1 _’_Vt,s _ Vq,s—l

—-1,1 i,

:yO,l_’_vt,s_v =V ,

where the above series of equalities follows directly from the updates of GT-SARAH.

3.2.7.2 Proof of Lemma 3.2.5

We multiply (3.15b) by 1(1}] ®I,) and then use Lemma 3.2.3 to obtain the recursion of the mean state X"
as follows:
Xiths = xbs — ayiths = xS — vt Vs >1andt € [0,q]
Setting y = X'™1% and x = X"* in (3.19), we have: Vs > 1 and t € [0, ¢,
=i s < s =t,s a? —t,s||2
F(XTh®) < F(R") — a(VF(E"),v"%) + o5 ||v9°||. (3.21)
Applying (a,b) = 0.5 (|]a|? + [[b||> — ]a — b||*) ,Va,b € R?, to (3.21), we obtain an inequality that charac-
terizes the descent of the network mean state over one inner loop iteration: Vs > 1 and ¢ € [0, ¢],
= s <t « —t,s\ |2 a(l—al) (|=t,s||2 al|=t,s —t,5\|2
PR < P) = [VFE)|" = S0 0P+ g [ = VR,
—ts @ —t,51]]2 —t.s —t,s _ TfF s\ (12
< F) = §|[VEE)|" = § 79| + al|v — TF (")
+a|| VE(x") — VEE)|)? (3.22)
<t,8 o —t,s\ |2 allts <t,s f PNIE
< F(=) = §|[VEE)[* = g9 + af v - VI
+ el b gxhe||? (3.23)

where (3.22) is due to 0 < & < 5= and (3.23) is due to Lemma 3.2.1. We then take the telescoping sum

of (3.23) over ¢ from 0 to ¢ to obtain: Vs > 1,

Xz e o7 ~ (&3 U8 2
FE™) < PE™) = § 1L IVFEIP = § 8o [7 (3.24)

a9 = TE (e[ Tt —

n
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The proof then follows by taking the telescoping sum of (3.24) over s from 1 to S and taking the expectation

of the resulting inequality.

3.2.7.3 Proof of Lemma 3.2.6
We first provide a useful result.

Lemma 3.2.9. The following inequality holds: Vs > 1, Vt € [1,¢|, Vi € V, VIl € [1, B],

e [95,0 ) 9,60

2
; —1 2
‘ ’]-"t’s} < LQHXE"(’ —XE ’SH .

Proof. In the following, we denote 1{A} as the indicator function of an event A € F. Observe that: Vs >

1,vtell,q),VieV,Vle]l, B,

E[H%g; (%) = Ve (47) 2‘]—‘“]
m 2
= 5| | X 1t = () = T ) )| |
J=1
- Z [1{7 ! —J}Hsz',j(XE’S) — Vi () ’2‘]-"“5]

’ 2

NERD

E[1(rty = 3}17] [V 04 = Vs (71)

1

= [P t) - vrs ) |

T
3

—_

)

S

where the last line uses that 7" is independent of F, i.e., E[1{r/}" = j}|F] = . The proof follows by using

Assumption 3.2.1. O

Next, we derive an upper bound on the estimation error of the average of local SARAH gradient estimators

across the nodes at each inner loop iteration.

Lemma 3.2.10. The following inequality holds: ¥s > 1 and t € [1, 4],

vt - e ] < 28 ZEUH“} 0L S B - axve ],

u=0

Proof. For the ease of exposition, we denote: V¢ € [1,q], Vs > 1, Vi € V, VIl € [1, B],

Vil = Ve (07) = Ve (), V0= 502,90

)

(3.25)

. t t—1,s
Since x;* and x; ° are F-measurable, we have

E[VEIF| =E[ViIF| = VA(x") - VART). (3.26)
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With the notations in (3.25), the local update of VE’S described in Algorithm 3 may be written as

Vi =Vt vt e l,q], Vs > 1, Vie V.

In the light of (3.26), we have the following: Vs > 1 and t € [1,q],

EMV:&,S VE(x") H ’]_—~ts:|

_ 111 & Stos t—1,s ots ? t,s
_E_ P> (Vi +v; = Vfi(x; )) F 1
- . 2
5|13 (91 - vl o) ot v )
L7 i=1
:E- Ly (@?’S—Vf'(x?’s)+Vf4(xtf1’s)) thvs lXn:(v S Vi 18)) 2
I n Pt [3 3 (3 3 (3 n Pt [3 7
- . 9
B3 (T VA + VA F| 8 - TE ) (3.27)
L i=1

where the third equality is due to (3.26) and the fact that >0 (v~ "* — Vf;(x/7"*)) is F**-measurable.
To proceed from (3.27), we note that since the collection of random variables {Ti)f :i € V,l€[1,B]} are

independent of each other and of the filtration F**, by (3.26), we have: V¢ € [1,¢] and s > 1,

E[(V0" = VAi(x!") + VA5 7), V0 = VA (xE) + V£ (x070) )| F] =0, (3.28)
whenever 7,7 € V such that i # r. Similarly, we have: V¢ € [1,q] and s > 1, Vi € V,

E[(Vi5 = VA7) + V(%) Vi = VA + V()| 7] =0, (3.29)

whenever [, h € [1,m] such that [ # h. With the help of (3.28) and (3.29), we may simplify (3.27) in the

following: Vs > 1 and ¢ € [1, q],
[H—t 8 W(Xt,S)’|2|ft,s]

_ nQZE{Hv“ Vi (x0%) + Vi (x7)

’ ‘J—_'ts:| +||—t 1,5 ﬁ(xtq,s)H?

B
_ %ZE H;Z( —sz( ts)_’_vfl( t— 13) ‘J—_-t,s +Hvt—1,s_ﬁ(xt—1,s)”2
i=1 =1
B
nBQZZE[HV = VAGT) + Vi \f“] Fe V)P (3:30)
=11

where the first line is due to (3.28) and the last line is due to (3.29). To proceed from (3.30), we observe
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that V¢ € [1,q], Vs > 1, Vi € V, VI € [1, B],

~ 2
B[ 9 - A6 + TA6d )

< E[H@;;f |fﬂ
< L?|x)° — x§71’5||2, (3.31)
where the last line uses Lemma 3.2.9. Applying (3.31) to (3.30) yields: Vs > 1,¢ € [1,¢],
[H—t 5 W(Xt,S)H?p_—t,s] < L2||Xt,s _xt1L sH + [+t Ls W(thl,S)HQ (3.32)
~ n?B ' ’
We next bound the first term on the right hand side of (3.32). Observe that Vs > 1 and ¢ € [1,¢q + 1],
th,s . Xt71,5||2 _ th,s — JxbS 4 JxbS — Jxtbs 4 Jxtols — Xt71,5H2
< SHXt,s - th,sH2 + 3nHit,s _it—l,sHQ + SHXt—l,s . th—l,sHQ
= 3|]x"* — th’SH2 + 3na2||7t71’8||2 + 3[x e — JX“LSHQ. (3.33)

Applying (3.33) to (3.32) and taking the expectation of the resulting inequality leads to: Vs > 1 and ¢ € [1, ¢],

B[lv — 97 |2] < B[ v - TR ] + 22 g e

312 o qets)2] o 3L et qutoLis|f2
B[ = x|+ S -] (334)

We recall the initialization of each inner loop that v%* = Vf(x%*),V¥s > 1, and take the telescoping sum

of (3.34) over ¢ from 1 to z to obtain: Vs > 1 and Vz € [1, 4],

Bl - Fre)] < 250 S e+ o Yol -]

t—1,s t—1,s(|2
+2—BZE[HX S axe (3.35)
t=1
The proof follows by merging the last two terms on the right hand side of (3.35). O

Proof of Lemma 3.2.6. Summing up Lemma 3.2.10 over ¢ from 1 to ¢ gives: Vs > 1,

f:E[va - VEx)|?] < Ba’L7 ZZE 72]12] ZZE[HXM P 336)

t=1 u=0 t=1 u=0

The proof follows by relaxing the right hand side of (3.36) on the summations and the initialization of each

inner loop that v** = Vf(x%*),Vs > 1. O

3.2.7.4 Proof of Lemma 3.2.7

We first provide some useful bounds on the gradient estimator tracking errors. These bounds will later be

coupled with (3.16) to formulate a dynamical system to characterize the error evolution of GT-SARAH. The
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following lemma establishes an upper bound on the sum of the local gradient estimation errors across the

nodes. Its proof is similar to that of Lemma 3.2.10.

Lemma 3.2.11. The following inequality holds Vs > 1 and t € [1, 4],

S S 2 3na2L2 — —U,S 2 6L2 : u,s u,s 2
B[t - e 7] < = ;}E{Hv “IP° +B§EU|X == axe |
Proof. See Section 3.2.7.6. O

We note that Lemma 3.2.11 does not follow directly from the results of Lemma 3.2.6 because v'** is not
a conditionally unbiased estimator of V f; (ng) with respect to F%*. With Lemma 3.2.11 at hand, we now

quantify the gradient tracking errors.

Lemma 3.2.12. We have the following three statements.
(i) It holds that ||y — Jy™||” < || V£ (x*1)||”.

(i) If 0 < o < %, the following inequality holds: Vs > 1 and t € [1,¢],
E|:|yt+1,s — Iyt 2} B 3+ )\2E[Hyt,s _ Jyt,s||2]
nL? - 4 nlL?
B B RS (L}
(iii) If 0 < a < i:/g‘;, the following inequality holds: Vs > 2,
E{w ;LJY} <3t A?E[quﬂvs—l ;Liyqﬂvs-ln?}

18 [[9s =1 — Jxao—1||2 1202 IS Ticsso12
e e ]

49 q IE|:||Xt,s—1 _ th,s—1||2:| .

n
Proof. (i) Recall that v=1! = 0,,,, y*! = 0, and v*' = Vf(x"!). Using the gradient tracking update at
iteration (1,1) and ||L,, — J|| = 1, we have:

2

b

Iy Iy = Ly 3) (Wyo 4300 v 0) | < 9|

which proves the first statement in the lemma. In the following, we prove the second and the third statements.
We have: Vs > 1 and V¢ € [0, q],

Hytﬂ,s . Jyt+1,s||2 _ Hwyt,s B | (Wyt,s +vbs — thl,s) H2

= |[Wy"* = Jy"® + (Inp — J) (V° = vI7H%) HQ. (3.37)
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We apply the inequality that [a+ b||*> < (1+n)|lal|®* + (1 + %)HbHQ, Va,b € R", with n = 127)\); and

that ||I,, — J|| =1 to (3.37) to obtain: Vs > 1 and V¢ € [0, ¢,

14 A2 14 A2 L
Hyt+1,s . Jyt+1,sH2 < N Hwyt,s . Jyt,sH2 + 5 Hvt,s vt 1,5H2
14 A2 2 .
LA Bl M G (3.38)

where the last line is due to Lemma 3.2.4. Next, we derive upper bounds for the last term in (3.38) under
different ranges of ¢ and s.

(ii) Vt € [1,q] and Vs > 1. By the update of each local vﬁ’s, we have that

1 y » g
gl ] =3 3 (g o) - W )
=1 1=1
11 SbS t -1 2
=B ; ;E va@ﬁ:f (x7%) = Vi e (357 °) ]:tﬁs}
S L2 HXt’S — Xt—l,s||2 ) (339)

where the last line is due to Lemma 3.2.9. To proceed, we further use (3.33) and (3.17) to refine (3.39) as

follows: Vs > 1 and Vt € [1, ¢],
E[Hvt,s _ vt—l,sH2|]_—t,s:| < 312 th,s _ th,sH2 1 3nalL2 HVt_LSHQ 1312 th—l,s _ th—l,sH2
< 3na’L? Hvt—1,3H2 + 972 th—l,s _ th—l,sH2 + 6a2L? Hyt,s _ Jyt,sHQ. (3.40)

We take the expectation of (3.40) and use it in (3.38) to obtain: Vs > 1 and Vt € [1, q],

s 5112 14+X2 12022 s 5112
Elly -3y < (B4 5wl -]
1812 6na?L?
1— )2 1— )2

+ B[t — a1 ] + E[[[+*1|°].

The second statement in the lemma follows by the fact that 1*'2)‘2 + 1%22‘)\%2 < 3J§f‘2 Hfo<a< i\_/gi

(ii) t = 0 and Vs > 2. By the update of GT-SARAH, we observe that: Vs > 2,

[[vo v P = Vet — v
= || VExIHET) - VE(x® ) 4 VE(x ST — v
< 2L? [t x| 2 [[VE (o) v
S I
L e e e e B
< 18L2 ||x ™ — Ix®|? 4 6na?L? vt

+12a%L7 quH’S*1 — qu“’S*lH2 +2 HVf(Xq’S*l) — vq’S*IH2 , (3.41)
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where the first inequality uses the L-smoothness of each f;, the second inequality uses (3.33), and the last

inequality uses (3.17). Taking the expectation of (3.41) and then using Lemma 3.2.11 gives: Vs > 2,

q
E[[[vo* = vto|] < 18L2E [|xe ! = axo 7] 4 6na?? 3O E[|[e ]
t=0

+ 12a2L2E[qu+1’S_1 _ qu+17s_1’|2}

q
12BL Z [th,s_1 _th,s—lHQ] (3.42)
=0

We recall from (3.38) that Vs > 2,

[v0s — v |7 (3.43)

s < 1,82 1+ 2 +1,5—1 +1,5—1(|2
Iy =3Iyt < ==y = Iy 4 g

We finally apply (3.42) to (3.43) to obtain: Vs > 2,

14+ X2 240%L2 _ _
(525 4 3 et - gy

36L2 . . 12na L el
]| o R ZE[H sl

2 q
2145/)\2 Z]E{th,sfl 7th,sle2:|'
t:O

We note that 1+2)‘2 + 2‘1122/\%2 < 32)‘ fo<a< 4\[L and then the third statement in the lemma follows. [

B[y -3y <

With the help of (3.16) and Lemma 3.2.12, we now abstract GT-SARAH with an LTI system to quantify

jointly the state consensus and the gradient tracking error.

Lemma 3.2.13. If the step-size a follows that 0 < o < 4\[1;, then we have

uh® < Gu'™hs 4 b Vs €[1,5] and t € [1,q], (3.44)

q
u®* < Gutt 4 b0 4 S (bt»H n Hut’5’1>, Vs € [2,5], (3.45)
t=0

where, Vs > 1 and Vt € [0, ¢|,

V[ x| 0
Wt | o] e | b" = bE|[v"*||],
el =yl [T
[1+ X2 20217 C .
G := L=A , H:=
18 34\ 2
i 3 SEpY

Proof. Write the inequalities in (3.16) and Lemma 3.2.12 jointly in a matrix form. O
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We next derive the range of the step-size o such that p(G) < 1, i.e. the LTT system does not diverge,
with the help of the following lemma.

Lemma 3.2.14 ([36]). Let X € R¥* be (entry-wise) non-negative and x € R? be (entry-wise) positive.

If Xx < x (entry-wise), then p(X) < 1.

Lemma 3.2.15. If the step-size a follows that 0 < a < (8\[2 , then p(G) < 1 and therefore Y ;- GF s

convergent such that > pe G* = (I, — G)~L.

Proof. In the light of Lemma 3.2.14, we solve the range of o and a positive vector € = [e1,£2]" such

that Ge < e, which is equivalent to the following two inequalities.

14+ A2 20212 9 (1 —)\2)2 o
B) 51+1_)\252<51 Q<Ta
) = oo (3.46)
1 5+3+)\5 <e 6—1<7(1_/\)
1—xt 4 2o €2 72

According to the second inequality of (3.46), we set &1/e2 = (1 — A?)2/80 and the proof follows by using it

in the first inequality of (3.46) to solve for the range of a. O

Based on Lemma 3.2.15, the LTI system is stable under an appropriate step-size o and therefore we can
solve the LTI system to obtain the following lemma, the proof of which is deferred to Section 3.2.7.7 for the
ease of exposition.

Lemma 3.2.16. If0<a < (18}2 , then the following inequality holds.

S S
(12—(12—G)—1H)qu:ut’3g (I, — G)"u®! + 2(I, — 122(1:1&5.

s=1t=0 s=1t=0

Proof. See Section 3.2.7.7. O

In the following lemma, we compute (I — G)~! and (I, — G)~'b.

Lemma 3.2.17. If0<a < (124L , then the following entry-wise inequality holds:
4 32a% L2 384a'L?
1— )2 (1 —-2X2)3 (1 —N2)4
ILL-G) < , I,-G) 'b<
L=G =1 o 8 T
(1 —)2)3 1— )2 (1 —22)2

Proof. We first derive a lower bound for det(I; — G). Note that if 0 < o < a 24L) then det(I, — G) =

2\2
a-x7) 36a’L? ~ (1— A and therefore

8 (I-22)2 = 16
1-X2 20212 4 32022
_ 16 4 1= 1-X2  (1-A%)3
L Q)< —— -
(T2 ) T(1=X)2] 18 1— )2 288 8 ’
1— )2 2 (1-X2)3 1-2)2

and the proof follows by the definition of b in Lemma 3.2.13. O
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i i (1-7%)?
Using Lemma 3.2.17, we have: if 0 < a < SV
134402 L? 1 0
(12 2
I, - (I,-G) 'H> ( ) > : (3.47)
336 1 336 1
(1—=2A2)2 (1—=2A2)2
Finally, we apply (3.47) and Lemma 3.2.17 to Lemma 3.2.16 to obtain
1 - t,s t,s 1,1 1,12 76801 L% o —ts
SB[t - x| < e[l —ay P+ LSS w ] Gas)
s=1t=0 s=1 t=0
i 2.12 to (3.48).

The proof of Lemma 3.2.7 follows by applying the first statement in Lemma 3

3.2.7.5 Proof of Lemma 3.2.8
We have: Vs > 1 and V¢ € [0, ¢,
1 = S 1 = S
- S E[[VE)] < D E[IVE(x
i=1 i=1

< %E[me - 3xt ]+ B[R]

) = VP[] +E[[vFE)|’]

(3.49)

where the second line is due to the L-smoothness of F'. Since F' is bounded below by F*, we may apply (3.49)

to Lemma 3.2.5 to obtain the following: if 0 < a < 2L,

S q
PP PR 4nZZZE[|W “H}—%ZZE[H*“ ‘]
1=1 s=1 t=0 s=1 t=0
3aL2 I xbs thsH?} (3.50)

+aizq:1@[ts V)] + ZE[
s=1t=0

s=1t=0

1

We then apply Lemma 3.2.6 to (3.50) to obtain: if 0 < a < 57,

29 w ol (LN 9 Rl LAy

s=1t=0

n
i=1 s=1 t=0
5 4 s t,s]2 a
3 6 ¥ — Jxb 24qa’L?
+al? (fﬂé)ZZE{X nx ! }—2‘(1 qa ) Z]E{*ts } (3.51)
s=1 t=0 s=1 t=0

VB then 1 — M > 0 and thus the last term in (3.51) may be dropped. We finally apply

fo<a< 5 /6qL
Lemma 3.2.7 to (3.51) to obtain: if 0 < o < min { (147’\\/;2)2, \/ ’éf } T

. O e . 6g\ 64a3L? |VE(x")[2
PP - SS9 re )] s o) e
L? 4 s Jxts||2 7 6 12288 4L4 1 .
Sy S gl B o (1 (T4 ) Y 55 e
s=11t=0 =1 t=0

then 1 — (I + 6]‘;)% > 0 and thus the last term in the

4nB ) Yaq_

We observe that if 0 < o < (7nB+24q 12L ,

above inequality may be dropped; the proof follows.
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3.2.7.6 Proof of Lemma 3.2.11

In the following, we use the notation in (3.25). Using the update of each local recursive gradient estima-

tor vi'*, we have that: Vi € V,Vs > 1 and t € [1, ],

E[[[vi* = O hix) || 7]

:EU
3221“3{ ff—sz xI) 4+ Vi (x)
|

1 B
< g yE

L) s
Bl

V“—Vfl( ts)'f‘sz( t 15)+Vt 1s_vf1( t ls)

2
J—_-t,s:|

IV = A

B 2
Z( sz ts)+vfz( t— 15))‘ Fts

Uc \

L R e sl

2

)

2 ]:t,S:| 4 HVE_LS _ vfz (XE_LS)‘

[V it (K%)= s (x7)
< . tlsH JFHtlsfvfz(tls)Hz

The above derivations follow a similar line of arguments as in the proof of Lemma 3.2.10 and hence we omit
the details here. Summing up the last inequality above over i from 1 to n and taking the expectation, we

have: Vs > 1 and t € [1,¢],
t,s t,s) |2 L2 t,s t—1,s||2 t—1,s t—1,s\]|2
E[[[v"* = V() 7] S B| St =7 P 4 vt - Ve )| (3.52)
Recall from (3.33) that Vs > 1 and t € [1, 4],
[t — xt12 < 3l — 3t ? + 3na2[[w P 4 3t — Lo 2 (3:53)

Applying (3.53) to (3.52) obtains: Vs > 1 and ¢ € [1, ¢,

B[ vt — veee 7] < Bvits - wee 1 ] + 2 g ]

B
+£E{||xts axte|?] +—E[H R I N C XY

Recall that v = Vf(x%*),Vs > 1, and we take the telescoping sum of (3.54) over ¢ to obtain: Vs > 1

and t € [1, ¢,

B[ - veeen) ] < 2l ij[HvuLsﬂ L3 :E[wa ~ x|
<

u=1
2 t
% ZE{qufl,s _ unfl,s||2]'
u=1

The proof follows by merging the last two terms on the RHS of the inequality above.
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Table 3.3: The one-on-one mapping between the single-loop sequences {u*}, {b*} for k € [0, S(q + 1) — 1]
and the double-loop sequences {u*}, {b**} for s € [1,5] and ¢ € [0, q].

k (t,s)
0, .q (0,1), -
qg+1,---,2g+1 0

(S—1)(g+1).- .S+ 1) —1] (0.8),--,(¢.9)

3.2.7.7 Proof of Lemma 3.2.16

Step 1: A loop-less dynamical system. For the ease of calculations, we first write the LTI system in
Lemma 3.2.13 in a equivalent loopless form. To do this, we unroll the original double loop sequences {u’*}
and {b%*}, where t € [0,q] and s € [1, 5], respectively as loopless sequences {u*} and {b*}, where k €

[0,S(g + 1) — 1], as follows:
uf :=ub*, bF:=bhs where k =t + (s —1)(g + 1), (3.55)

for t € [0,q] and s € [1,S]. Reversely, given u* and b*, for k € [0,S(q + 1) — 1], we can find their positions

in the original double loop sequence, u** and b%*, by
t=mod (k,q+1) and s = [k/(¢+1)| +1,  for k€ [0,5(g+1)—1]. (3.56)

This one-on-one correspondence is visualized in Table 3.2.7.7.
With (3.55) and (3.56) at hand, it can be verified that the following single-loop system is equivalent to

the double loop system in (3.44) and (3.45). For k € [1,S(q + 1) — 1],

u® < Gutt 4+ bRl if  mod (k,q+ 1) # 0. (3.57)

z(g+1)—1
wt) < Gt plet=ty N hT Ve e 1,5 - 1], (3.58)
r=(z—1)(g+1)

where

h* .= b* + Hu.

The system in (3.57) and (3.58) can be further written equivalently as the following: Vk € [1,S(¢ + 1) — 1],

u® < GuF! +dF, (3.59)
where
k-1
dr = bk—1+]l{mod (k,q+1)=0} Z h",
r=k—(q+1)

such that 1{-} is the indicator function of an event, and Z’:;;f(qﬂ) h":=0 for k € [1,q].
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Step 2: Analyzing the recursion. We recursively apply (3.59) over k to obtain: Vk € [1,S(¢+ 1) — 1],

k
u' < GM+ ) GFTa (3.60)
r=1
Summing up (3.60) over k from 0 to S(g+ 1) — 1 gives: if 0 < a < (st)2’
S(g+1)—-1 S(g+1)— S(g+1)-1 k
Z uk < Z Gku0+ Z ZGk rqr

k=0
S(q+1) 1 /
< (z Gk) ey (z @)
r=1
S(q+1) 1
= (L-G) 'u’ + (I - Z a. (3.61)
To proceed, we recall the definition of d* and h”* and observe that
S(g+1)—1 S(g+1)—2 S(g+1)—1 k—1
>odt= Y b Y (1{mod (kg+1)=0} > )
k=1 k=0 k=1 r=k—(q+1)
S(g+1)—2 2(g+1)—1
S SIS Sl I Sl
z=1 \r=(z—1)(¢+1)
S(q+1)—2 (S-1)(g+1)—1
S SR SR
k=0 k=0
S(g+1)-1 (S=1)(g+1)-1
<2 > b+ Y Hub (3.62)
k=0 k=0
where the first line and the last line are due to the definition of d* and h” respectively. Finally, we use (3.62)
(1-2%)?
in (3.61) to obtain: if 0 < a < sz then
S(g+1)-1 S(g+1)-1 S(g+1)-1
Yo v (L-G) T +2L -G Y b+ (L -G)TH Y
k=0 k=0 k=0
which is the same as
S(g+1)—1 S(g+1)—1
L-(L-G)'H) > u'<@-G ' +2I,-G)" > b
k=0 —

We conclude the proof of Lemma 3.2.16 by rewriting the above inequality in the original double loop form.

3.3 Stochastic incremental variance reduction

In this section, we revisit and analyze the GT-SAGA algorithm, originally proposed in Chapter 2 under strong

convexity, for solving the decentralized smooth non-convex finite-sum problem (3.1).
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3.3.1 Main contributions

We analyze GT-SAGA, a single-timescale randomized incremental gradient method, originally proposed in [24]
for strongly-convex problems, and show that it achieves fast convergence in non-convex settings. At the
node level, GT-SAGA adopts a local SAGA-type [57,60,138-140] randomized incremental approach to obtain
variance-reduced estimates of local batch gradients, by leveraging historical component gradient information.
At the network level, GT-SAGA employs a gradient tracking mechanism [55,65] to fuse the local batch gradi-
ent estimates, obtained from the local SAGA procedures, to track the global batch gradient. These are the
two building blocks that amount to the fast convergence and robustness to heterogeneous data in GT-SAGA
for non-convex problems. Compared with the existing two-timescale variance reduced methods [135, 141]
for decentralized non-convex optimization, GT-SAGA is single-timescale and eliminates completely the need
of batch gradient computations and periodic network synchronizations, and is hence much easier to imple-
ment especially in ad hoc settings; see Remarks 3.3.1 and 3.3.2 for further discussion. Our main technical

contributions are summarized as follows:

e General smooth non-convex problems. For this problem class, we show the asymptotic conver-
gence of GT-SAGA to a first-order stationary point in the almost sure and mean-squared sense. In a
big-data regime, where the local batch size m is very large, GT-SAGA achieves a network topology-
independent convergence rate, leading to a non-asymptotic linear speedup compared with the cen-
tralized SAGA [60] at a single node. In large-scale network regimes, i.e., when the number of the
nodes and the network spectral gap inverse are relatively large compared to the local batch size m, we
show that GT-SAGA outperforms the existing best known convergence rate [141]. We also introduce a
measure of function heterogeneity across the nodes. Based on this measure, we show that the effect
of function heterogeneity on the convergence rate of GT-SAGA appears in a fashion that is separable
from the effects of local batch size and the network spectral gap. As a consequence, the effect of
function heterogeneity often diminishes when the local batch size is large and/or the connectivity of
the network is weak, demonstrating the robustness of GT-SAGA to function heterogeneity. In contrast,
the state-of-the-art decentralized non-convex variance-reduced method [141] does not achieve such sep-
aration and hence has worse convergence rate than GT-SAGA when the function heterogeneity is large
and the network is weakly connected. These improvements are achieved by leveraging the conditional
unbiasedness of SAGA estimators to obtain tighter bounds in the stochastic gradient tracking analysis;

see Remarks 3.3.3, 3.3.4, and 3.3.5.

e Smooth non-convex problems under the Polyak-Lojasiewicz (PL) condition. For this prob-

lem class, we show that GT-SAGA achieves linear convergence to an optimal solution in expectation. To
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the best of our knowledge, this is the first linear rate result for decentralized variance-reduced methods
under the PL condition, while the existing ones require strong convexity [22-24,120,142]. This gen-
eralization is non-trivial since the existing analysis essentially uses the unique optimal solution under
strong convexity as a reference point to bound related error terms, while the PL condition allows for
the existence of multiple optimal solutions. In comparison with the existing linearly-convergent, decen-
tralized deterministic batch gradient methods under the PL condition [4,143,144], GT-SAGA provably
achieves faster linear rate, in terms of the component gradient computation complexity at each node,
when the local batch size m is large, demonstrating the advantage of the employed variance reduction
technique. In a big-data regime where m is large enough, we show that the linear rate of GT-SAGA

becomes network topology-independent. See Remarks 3.3.6 and 3.3.7 for details.

e Technical analysis. We note that our analysis of SAGA-type variance reduction procedures is dif-
ferent from the existing ones [60,145], which require careful constructions of Lyapunov functions. We
avoid such delicate constructions by adopting a direct analysis approach, based on linear time-invariant
(LTTI) dynamics, which may be of independent interest and perhaps more readily extendable to other
non-convex problems. We note that the LTI dynamics-based analysis has mainly been used in convex
problems in the existing literature of gradient tracking methods, e.g., [56,67]. Somewhat surprisingly,
a special case of our analysis, i.e., when the network is complete, provides the first linear rate result
of the original centralized SAGA algorithm [57] under the PL condition. Indeed, the existing analy-
sis [60,145] is only applicable to a modified SAGA, which periodically restarts and samples its iterates;
see Remark 3.3.8 for details. Our analysis is also substantially different from that of the existing
decentralized non-convex variance-reduced methods [135, 141], where the variances of the stochastic
gradients are bounded recursively, due to their hybrid nature. In contrast, we introduce a proper

auxiliary sequence to bound the variance of GT-SAGA; see Subsection 3.3.5.2, 3.3.5.4 for details.

3.3.2 The non-convex GT-SAGA algorithm

GT-SAGA, built upon local SAGA estimators [57] and global gradient tracking [55,65], is formally presented
in Algorithm 4. We refer the readers to Chapter 2 for detailed discussion on the development of GT-SAGA. It
should be noted, however, that Algorithm 4 is different from Algorithm 1 in terms of the sampling procedure,
for ease of the convergence analysis. We require for conciseness that all nodes start at the same point, but
the complexity results of GT-SAGA established here hold, up to factors of universal constants, for the case
where the nodes are initialized differently. We comment on the practical implementation aspects of GT-SAGA

in comparison with the existing approaches in the following remarks.
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Algorithm 4 Non-convex GT-SAGA at each node

Require: x? =X’ € RP; v € RY; {w;, 11 520, =x0,Vj € {1,--- ,m}; y?) = 0p; 87" =0,
for k=0,1,2,--- do
Select 7F uniformly at random from {1,--- ,m};

Update the local stochastic gradient estimator:

vflT ( z) vflT %Z f%]

Update the local gradient tracker:

n

yitt =Y w, (v gl —gi )

r=1

Update the local estimate of the solution:

k+1 Zw k+1) :

Select s¥ uniformly at random from {1,---,m};

k+1 _ kK _ gl — gk VNS

Set z; ! = x¥ for j = s¥ z; z; ; for j # si;
end for

Remark 3.3.1 (Single-timescale implementation). The existing decentralized variance-reduced meth-
ods for non-convex optimization [135,141] are based on a two-timescale, double-loop implementation. Specif-
ically, these methods, within each inner-loop, run a fixed number of stochastic gradient type iterations, while,
at each outer-loop iteration, a local batch gradient is computed at each node. This double-loop nature im-
poses challenges on the practical implementation of the two methods in [135,141]. First, periodic batch
gradient computation incurs a synchronization overhead on the communication network and jeopardizes
the actual wall-clock time when the networked nodes have largely heterogeneous computational capabili-
ties. Second, these two methods have an additional parameter to tune, i.e., the length of each inner loop,
other than the step-size. Although this parameter maybe be chosen as m [141], this particular choice may
not lead to the best performance in practice. In sharp contrast, GT-SAGA admits a simple single-timescale
implementation since it only evaluates one randomly selected component gradient at each iteration. Fur-
thermore, it only has one parameter to tune, i.e., the step-size . Therefore, GT-SAGA leads to significantly
simpler implementation and tuning compared with the existing decentralized non-convex variance-reduced
methods [135, 141], especially over large-scale ad-hoc networks. Finally, we note that GT-SAGA takes two

successive communication rounds per iteration to transmit the state and gradient tracker respectively, as in
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other gradient tracking-based methods, e.g., [4,67,135,141].

Remark 3.3.2 (Storage requirement). To practically implement GT-SAGA, each node i needs to retain
a gradient table {V fl-’j(zﬁ )}ty of size m x p in general, which may be expensive. However, for certain
structured problems, the size of the gradient table can be largely reduced [57]. For instance, in non-convex
generalized linear models [146], each component function takes the form f; ;(x) = ¢(x' 6, ;), where £ : R — R
is a non-convex loss and 0; ; is the j-th data at the i-th node. Clearly, V f; ;(x) = ¢/(x"0; ;)0; ; and thus each
node 7 only needs to retain {Z’(zzj0¢,j)}§”:1, a gradient table of size m x 1, since the data samples {6; ;}2,

are already stored locally. See Section 3.3.4.1 for numerical experiments based on one such example.

3.3.3 Main convergence results

We now enlist the assumptions of interest.
Assumption 3.3.1. The family {7F,s¥ :i € V,k >0} of random variables in Algorithm 4 is independent.

Assumption 3.3.1 is standard in stochastic gradient methods. Specifically, the index s¥ used for updating
the gradient table {Vf; ; (zi~C j)}}":1 is sampled independently from the index Tik used for updating the local
SAGA estimator g per node per iteration. This independence requirement is straightforward to implement
and is often posed to simplify the analysis of SAGA type estimators for non-convex problems [60, 145]; see

Section 3.3.5.4 for analysis based on this assumption.

Assumption 3.3.2. Fach component function f; ; : RP — R is differentiable and L-smooth, i.e., there ex-
ists L > 0, such that |Vfi;j(x) = Vi, <L|x—y|,Vx,y e R’, Vi eV, Vj € {1,--- ,m}. Moreover,

the global function F is bounded below, i.e., F* := infxcrr F(x) > —00.

Under Assumption 3.3.2, the local batch functions {f;}"_; and the global function F are L-smooth.
We note that L stated in Assumption 3.3.2 is essentially the maximum of the smoothness parameters of
all component functions. We further consider the case when the global F' additionally satisfies the Polyak-

Lojasiewicz (PL) condition described below.

Assumption 3.3.3. The global function F : RP — R satisfies 2u(F(x) — F*) < [|[VF(x)||?, Vx € RP, for

some p > 0.

The PL condition, originally introduced in [5], generalizes the notion of strong convexity to non-convex
functions; see [147] for more discussion. When Assumption 3.3.3 holds, we denote & := % > 1, which may be
interpreted as the condition number of F'. Note that the PL condition implies that every stationary point x*

of F, such that VF(x*) = 0,, is a global minimizer of F, while F is not necessarily convex.
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Assumption 3.3.4. The weight matrix W = {w;,.} € R"™ ™ of the network is primitive and doubly-
stochastic, i.e., W1, =1,, 1)W =17 and X\ := \(W) € [0,1), where \o(W) is the second largest

singular value of W.

Weight matrices that satisfy Assumption 3.3.4 may be designed for strongly-connected, weight-balanced,
directed networks or for connected, undirected networks. We next discuss the performance metrics of
GT-SAGA for different problem classes. For general smooth non-convex problems, we define the iteration
complexity of GT-SAGA as the minimum number of iterations required to achieve an e-accurate stationary

point of the global function F, i.e.,

n K-1
1

inf{ E[IVF()] < }
’L:1 k=0

When the global function F satisfies the PL condition, we define the iteration complexity of GT-SAGA as

inf{k:E l;i(F(xf)—F*) <6}.

i=1
These are standard metrics for decentralized stochastic non-convex optimization methods [2,4,135,141]. We

3\)—‘

refer the iteration complexity as the the convergence rate metric of GT-SAGA, since it is the same as the
communication and component gradient computation complexity at each node. We are now ready to state
the main results of GT-SAGA in the next subsections and discuss their implications.

3.3.3.1 General smooth non-convex functions

In this section, we present the convergence results of GT-SAGA for general smooth non-convex functions.

Theorem 3.3.1. Let Assumptions 3.3.1, 3.3.2, and 3.3.4 hold. If the step-size o of GT-SAGA satisfies 0 <

a < @y, where

_ @ =2%)2 2pF 1 (1-A2)3/4) 1
Q1 1= min s T T
48\ 13m?2/37 27 18A\/2m1/2 | L

then all nodes asymptotically agree on a stationary point in both mean-squared and almost sure sense,
i.e., Yi,r €V,
P(Jim [t —xt=0) =1, lim E[Jxf - x}|”] =0,
k—o0
P( Jim [IVF(xD)]| =0) =1, lim E[JVF(x})]?] =0
k—oo k—oo

Moreover, if &« = @y, GT-SAGA achieves an e-accurate stationary point in

o (EL(F(XO) - X0 /\2)|Vf(xo)|2)

€ ne

(3.63)
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iterations, where E is given by

m2/3 Y AL/241/2
E.:max{n1/3 , 1, TESyEk (1_)\)3/4}

and ||VE(x°)|* = 227, IV ()]
Theorem 3.3.1 is proved in Subsection 3.3.5.6. We discuss its implications in the following remarks.

Remark 3.3.3 (Effect of the function heterogeneity). We note that ||Vf(x")||?/n in the second term
of (3.63) can be viewed as a measure of heterogeneity among the local functions. In particular, when all
local functions are identical such that f; = f. = F,Vi,r € V, this term diminishes, i.e., it can be shown that
[VEx2)|?/n = [[VF(X")||? < 2L(F(X°) — F*). On the other hand, when the local functions are significantly
different, | Vf(x%)||?/n can be fairly large compared with L(F(X") — F*). Based on Theorem 3.3.1, it is
important to note that the effect of the function heterogeneity ||[VFf(x")||?/n on the convergence rate of
GT-SAGA is decoupled from F, the effect of the local batch size m and the network spectral gap 1 — A. It is
further interesting to observe that the heterogeneity effect diminishes when the network is sufficiently either
well-connected or weakly-connected. In other words, the function heterogeneity effect is dominated by the

network effect in these two extreme cases of interest.
We next view Theorem 3.3.1 in two different regimes.

Remark 3.3.4 (Big-data regime). We first consider a big-data regime that is often applicable in data
centers, where the local batch size m is relatively large compared with the network spectral gap inverse (1 —

A)~! and the number of the nodes n. In particular, if m large enough such that

A )\1/2m1/2 m2/3
<
max{l, (1—)\)2’(1)\)3/4}’“ ESVER (3.64)
Theorem 3.3.1 results into an iteration complexity of
BLFR) — F*)  A2(1—\2)||VE(x0)||?
o (TEHEE) 1) | 2R -
nt/3e ne

We emphasize that the first term in (3.65) matches the iteration complexity of the centralized SAGA
with a minibatch size n [60], as GT-SAGA computes n component gradients across the nodes in parallel at
each iteration. We note that under the big-data condition (3.64), it typically holds that ||[Vf(x")||?/n <
m?BL(F(X°) — F*)/n'/3, i.e., the first term dominates the second term in (3.65). Therefore, GT-SAGA in this
regime achieves a non-asymptotic linear speedup, i.e., the total number of component gradient computations
required at each node to achieve an e-accurate stationary point is reduced by a factor of 1/n, compared with

the centralized minibatch SAGA that operates on a single machine.
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Remark 3.3.5 (Large-scale network regime). We now consider the case where a large number of nodes
are weakly connected, a scenario that commonly appears in sensor networks, robotic swarms, and ad hoc
IoT (Internet of Things) networks. In this case, the number of the nodes n and the network spectral gap

inverse (1 — \)~! are relatively large in comparison with the local batch size m. In particular, if

m2/3  A\1/2pm1/2 I\
<
max{l, prveRl pa )\)3/4} SAoaE (3.66)

then the component gradient computation complexity at each node of GT-SAGA, according to Theorem 3.3.1,

becomes

o (AL(F(XO) — P N0 AQ)IIVf(XO)IIQ) . (3.67)

(1—X)2e ne
We note that the component gradient complexity at each node of GT-SARAH [141], the state-of-the-art

decentralized non-convex variance-reduced method, in this regime is

0 ((1)\/\)25 (L(F(xo) — F*) + W)) : (3.68)

n

Comparing (3.68) to (3.67), we observe that GT-SARAH, unlike GT-SAGA, does not achieve a separation between
the dependence of the network spectral gap 1 — X and the function heterogeneity measure ||Vf(x°)||?/n on
the convergence rate. We hence conclude that GT-SAGA outperforms GT-SARAH if the network is weakly
connected and the local functions are largely heterogeneous, i.e., when 1 — A is small and ||[Vf(x°)||?/n is
large. Moreover, we recall from Remark 3.3.1 that GT-SAGA is single-timescale and thus is much easier to
implement than the two-timescale GT-SARAH over large-scale networks. We also emphasize that the storage
requirement of GT-SAGA in this regime is significantly relaxed since the data samples are distributed across

a large network, leading to a small local batch size m at each node.

3.3.3.2 Smooth non-convex functions under PL condition

Theorem 3.3.2. Let Assumptions 3.3.1, 3.3.2, 3.3.3, and 3.53.4 hold. If the step-size a of GT-SAGA satis-

fies 0 < a < @, where

e min (1=22)2 1-22 (1-A2)° nt/3 1o1=x 1
2 55AL ' 13Ak/AL’ 388\2nL’ 10.5m2/3k1/3L° 36L" 2u " Amp [’

then all nodes converge linearly at the rate O((1—ua)¥) to a global minimizer of F. In particular, if o = @,

then all nodes agree on an e-accurate global minimizer in

0) <max {Qom, Qm} log 1)
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iterations, where Qopt and Qne: are given respectively by

m2/34/3
Qopt := max Wﬂﬁﬁn )

MK A4 Nk 1
(1=XN2"1-X"(1=-X3"1-X])"

Qnet = max {
Theorem 3.3.2 is proved in Section 3.3.5.7. The following remarks are in place.

Remark 3.3.6 (Linear rate under the global PL condition). Theorem 3.3.2 shows that GT-SAGA
linearly converges to an optimal solution when the global F' additionally satisfies the PL condition. This is the
first linear rate result for decentralized variance-reduced methods under the PL condition while the existing
ones require strong convexity, e.g., [22-24,120,142]. A notable feature of the linear rate in Theorem 3.3.2
is that the effects of the local batch size m and the network spectral gap 1 — A are decoupled. Hence, in a
big-data regime where the local batch size m is sufficiently large such that Qnet S Qopt, GT-SAGA achieves
a network topology-independent rate of O(Qopy log %) In addition, we note that Theorem 3.3.2 implies the
linear rate of GT-SAGA in the almost sure sense under the PL condition, by Chebyshev’s inequality and the

Borel-Cantelli lemma; see Lemma 7 in [24] for details.

Remark 3.3.7 (Comparison with other decentralized gradient methods). When the local batch
size m is relatively large, the linear rate of GT-SAGA improves that of the existing decentralized batch gradient
methods [4,143,144] under the PL condition in terms of the component gradient computation complexity.
Moreover, decentralized online stochastic gradient methods, e.g., [4,148], only exhibit sublinear rate under the
PL condition due to the persistent variances of the stochastic gradients. Therefore, GT-SAGA achieves faster
convergence under the PL condition compared with the existing decentralized methods, demonstrating the
advantage of the employed SAGA variance reduction scheme that is able to exploit the finite-sum structure

of local functions.

Remark 3.3.8 (Improved convergence results for the centralized minibatch SAGA). When A =0,
i.e., when the underlying network is a complete graph whose weight matrix can be easily chosen as W =
%lnlz, GT-SAGA reduces to the centralized minibatch SAGA and achieves the linear rate of O(Qop log %)
Hence, a special case of Theorem 3.3.2, i.e, A = 0, provides the first linear rate result under the PL condition
for the centralized SAGA. Indeed, the existing linear rate results [60,145] under the PL condition are only
applicable to a modified SAGA that periodically restarts O(log%) times with the output of each cycle
being selected randomly from the past iterates in this cycle. This procedure is not feasible particularly in
decentralized settings. In contrast, the linear rate shown Theorem 3.3.2 is on the last iterate of the original

SAGA without periodic restarting and sampling.
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Table 3.4: Datasets used in numerical experiments, available at https://www.openml.org/.

Dataset train (N = nm) | dimension (p)
nomao 30,000 119
a% 48,800 124
w8a 60,000 300
KDD98 80,000 478
covertype 100,000 95
MiniBooNE 100,000 o1
BNG(sonar) 100,000 61

3.3.4 Numerical experiments

In this section, we present numerical simulations to illustrate our main theoretical results. The network
topologies of interest are undirected ring, undirected 2D-grid, directed exponential, undirected geometric,
and complete graphs; see [24,27,41] for details of these graphs. The doubly stochastic weights are set to be
equal for the ring and exponential graphs, and are generated by the lazy Metropolis rule for the grid and
geometric graphs. We manually optimize the parameters of all algorithms in all experiments for their best

performance.

3.3.4.1 Non-convex binary classification

In this subsection, we consider a decentralized non-convex generalized linear model for binary classification.

In view of Problem (3.1), each component cost f; ; is defined as [146]

fig (%) = 0(& ;%65 5), (u) = (1 1(u)>2

B 1+ exp

where 0, ; € R? is the j-th data vector at the i-th node, & ; € {—1,+1} is the label of 0, j, and £ : R —

R is a 4-smooth non-convex loss. We normalize each data to be [|0; ]| = 1,Vi,j. Since V2f; ;(x) =
E”(fi,ijOiJ)Oi,jOZj, it can be verified that ||V f; ;(x)|| = [¢”(&,;x"6:;)] < 5. Hence each component

cost f; ; is non-convex and %—smooth. We measure the performance of the algorithms in question in terms
of the decrease of the stationary gap ||V F(X)| versus epochs, where X := 1 3" | x; for x; being the model
at node i and each epoch represents m component gradient evaluations at each node. All nodes start from
a vector randomly generated from the standard Gaussian distribution. The statistics of the datasets used

in the experiments are provided in Table 3.4.

e Big data regime. We first test the convergence behavior of GT-SAGA in the big data regime by

uniformly distributing the KDD98, covertype, MiniBooNE, and BNG(sonar) datasets over a network


https://www.openml.org/
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of n =20 nodes. We consider four different network topologies with decreasing sparsity, i.e., the
undirected ring, undirected 2D-grid, directed exponential, and complete graph; their corresponding
second largest singular values of the weight matrices are A = 0.98,0.97, 0.6, 0, respectively. It can be
verified that the big data condition (3.64) holds. The experimental results are shown in Fig. 3.4, where
we observe that the convergence rate of GT-SAGA is independent of the network topology in this big

data regime; see Remark 3.3.4.

o Large-scale network regime. We next compare the performance of GT-SAGA with DSGD [2] and
GT-SARAH [141] in the large-scale network regime. To this aim, we generate a sparse geometric
graph of n = 200 nodes with A & 0.99 and uniformly distribute the nomao, a9a, w8a, and BNG (sonar)
datasets over the nodes. It can be verified that the large-scale network condition (3.66) holds. The
numerical results are presented in Fig. 3.5: the first three plots show that GT-SAGA achieves the best
performance among the algorithms in comparison, while the last plot shows that the convergence rate

of GT-SAGA is dependent on the network topology in this large-scale network regime; see Remark 3.3.5.

« Robustness to heterogeneous data. We now make the data distributions across the nodes signif-
icantly heterogeneous by letting each node only have data samples of one label, so that no node can
train a valid classification model only from its local data. We compare the performance of GT-SAGA un-
der heterogeneous and homogeneous distribution of the nomao dataset. We consider a well-connected
graph, i.e., the 20-node exponential graph, and a weakly-connected graph, i.e., the 200-node geometric
graph. The numerical results are shown in Fig. 3.6, where we observe that the convergence rate of

GT-SAGA is not affected by the data heterogeneity over both graphs; see Remark 3.3.3.

3.3.4.2 Synthetic functions that satisfy the PL condition

Finally, we verify the linear rate of GT-SAGA when the global function F satisfies the PL condition. Specifi-

cally, we choose each component function f; ; : R = R as
fij(x) = 2® + 3sin®(z) + a; ; cos(x) + b; jx,

where 3770 | 37 a; ;= 0and o7, 3300 by = 0 such that a;; # 0, b; j # 0, Vi, j. This formulation hence
leads to the global function F(z) = 22 + 3sin?(z). It can be verified that F is non-convex and satisfies the
PL condition [147]. Note that each f;; is nonlinear and highly deviated from F'; see the last three plots
in Fig. 3.7 for a comparison of local and global geometries. We use the 20-node exponential graph and
set m = 5. It can be observed from the first plot in Fig. 3.7 that GT-SAGA achieves linear rate to the optimal

solution, while DSGD converges to an inexact solution; see Remark 3.3.7.
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Figure 3.4: Big data regime: the network topology-independent convergence rate of GT-SAGA on the KDD98,
covertype, MiniBooNE, and BNG(sonar) datasets.
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Figure 3.5: Large-scale network regime: (i) the first three plots present the performance comparison between
GT-SAGA, DSGD, and GT-SARAH on the nomao, a9a, and KDD98 datasets; (ii) the last plot presents the
performance of GT-SAGA over different graph topologies in this regime on the BNG(sonar) dataset.
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Figure 3.6: Robustness of GT-SAGA to heterogeneous data over well- and weakly-connected graphs on the

nomao dataset.
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Figure 3.7: The PL condition: (i) the first plot presents the performance comparison between GT-SAGA and
DSGD when the global function satisfies the PL condition; (ii) the last three plots present the geometry
comparison of the global and local component functions.

3.3.5 Convergence analysis

In this section, we present the convergence analysis of GT-SAGA, i.e., the sublinear convergence for general

smooth non-convex functions and the linear convergence when the global function F' additionally satisfies the

PL condition. Throughout this section, we assume Assumption 3.3.1, 3.3.2, and 3.3.4 hold without explicitly

stating them; we only assume Assumption 3.3.3 hold in Subsection 3.3.5.7. In Subsections 3.3.5.2-3.3.5.5, we

establish key relationships between several important quantities, based on which the proofs of Theorem 3.3.1

and 3.3.2 are derived in Subsections 3.3.5.6 and 3.3.5.7 respectively.
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3.3.5.1 Preliminaries

GT-SAGA can be written in the following form: Vk > 0,
yk+1 W (yk + gk _ gk—l) , (3693,)
XM =W (x¥ — ay*1) | (3.69b)

where x* y* gF are random vectors in R" that concatenate all local states {xic ™1, gradient track-
ers {yF}7 ,, local SAGA estimators {gF}”" ,, respectively, and W = W ® I,,. We denote F* as the filtration
of GT-SAGA, i.c., Vk > 1,

Fk ::a({Tf,sf:iGV,tSk—l}),

and FV is the trivial o-algebra. It can be verified that x*, y* and zﬁjﬁi,j, are FF-measurable and g*

is F**+1-measurable for all k > 0. We use E[|F*] to denote the conditional expectation with respect to F*.

For the ease of exposition, we introduce the following quantities:

3= (1,1] /n) & 1,

VExR) = [VAGEH T VDT

VI = (1] @ L/n) Vi), == (1] @ L/n) <",
V=01, eL/my" g =01)aL/m)eg"

We assume X" € RP is constant and hence all random variables generated by GT-SAGA have bounded second
moment. The following lemma lists several well-known facts in the context of gradient tracking and SAGA

estimators, which may be found in [5,24,55-57].
Lemma 3.3.1. The following relationships hold.
(a) Vx € R™, [[Wx — Jx|| < Allx — Jx].

(b) y**t1 =g vk > 0.

(¢) [[FE(xk) — TERN)2 < Lk - Ixb]2, Vh > 0.
(d) Elgf|F*] = Vfi(x{),¥i € V,Vk > 0.

(e) [VF(x)|I” < 2L (F(x) — F*).

Note that Lemma 3.3.1(e) is a consequence of the L-smoothness of the global function F' and is only used
in Subsection 3.3.5.7 while other statements in Lemma 3.3.1 are frequently utilized throughout the analysis.

The next lemma states some standard inequalities on the network consensus error [4,24].
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Lemma 3.3.2. The following inequality holds: k > 0,

ka-&-l o Jxk—i-lHQ < 1-&—2)\2 ka o JXkHZ 2a >\2 Hyk-‘rl o Jyk+1||2. (370)
ka—&-l _Jxk+1H2 < 2)\2||Xk _ JXkHQ + 2a2>\2||yk+1 _ Jyk+1H2' (3.71)
[ — TP < Af[xP = IxF| Ay - Iyt (3.72)

3.3.5.2 Bounds on the variance of local SAGA estimators

In this subsection, we bound the variance of the local SAGA gradient estimators g¥’s. For analysis purposes,

we construct two auxiliary F*-adapted sequences: Vi € V, Vk > 0,
1 Q= ok E o2 k IR
:gZ”X —zigls t :=ngi-
j=1 =1

These two sequences are essential in the convergence analysis. We note that t* measures the average distance

between the mean state X* of the networked nodes and the latest iterates zfy ;s where the component gradients
were computed at iteration k in the gradient tables. Intuitively, t* goes to 0 as all nodes in GT-SAGA reach
consensus on a stationary point. We will establish a contraction argument in t* in Subsection 3.3.5.4. In the

following lemma, we show that the variance of g¥ may be bounded by the network consensus error and t*.
Lemma 3.3.3. The following inequality holds: Yk > 0,

E[|g" — VE(x)|12F*] < 202||x* — Ix*|2 + 2nL2¢*, (3.73)

B 217 < 2 — 3t 2 2t R (3:74)

Proof. We denote @f Vf; R ( ) Vf; R ( ) for ease of exposition. Observe from Algorithm 4 that

E[VEFF] = Vfixk) - = wa (3.75)
for all k and . In light of (3.75), we bound the variance of g¥ in the following: Yk > 0,Vi € V,

E[lgf — V£ (xHF] = E[|VE - E[VEFY] |12 7]

B[94 2|7

- [Zn{rk_]}r|m,j< ) V) 1
j=1
zuwu V()|

(zn L2
S

< 2L ||xk — =F||* + 20228 (3.76)
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where (i) the conditional variance decomposition, (ii) uses that ||V fi j(x}) — V f; j(zf;)||? is F*-measurable
and that 7¥ is independent of F*, and (iii) uses the L-smoothness of each f; ;. Summing up (3.76) over i

from 1 to n gives (3.73). Towards (3.74), we have: Yk > 0,

_ @ nhisk _ OF =7
E[g"|1*|F*] = E[llg" — VEG®)I?IF*] + [VE(x")|?

(i5) 1 L
= EE[Hg’“ — VE(")|]?|F*] + IVE) 1%, (3.77)

where (i) uses that E[g¥|F*] = Vf(x"*) and that Vf(x*) is F*-measurable while (ii) uses that, whenever i #
7, E{gF = Vfi(x}), gk — V f;(x}))|F*] = 0, since 7" is independent of o(o(7), F*) and E[gF|F*] = VE(xF).
The proof follows by applying (3.73) to (3.77). O

3.3.5.3 A descent inequality

In this subsection, we provide a key descent inequality that characterizes the expected decrease of the global

function value at each iteration of GT-SAGA.

Lemma 3.3.4. If0<a < L then VEk > 0,

2L’
<k+1y| Tk <ky _ & vz O arak 2 o Lk k2, L% 4
E[FE)IF] < F&) — SIVEEP ~ SITEONI? + o — k2 + 2k
Proof. Since F is L-smooth, we have [10]: Vx,y € RP,
L 2
F(y) < F(x) +{(VEx),y —x) + 5 lly —x|". (3.78)
We multiply (3.69b) by 2(1,] ®1I,) and use Lemma 3.3.1(b) to obtain:
T =xF — oy =xF —ag®,  Vk>0.
Setting y = X*™! and x = %" in (3.78) obtains: Yk > 0,
k1 <k ok why . Ly ko
PE) < =) - (V)8 + L 2t (3.79)
Conditioning (3.79) with respect to F*, since VF(X") is F*-measurable, we have:
2
— L
E [F(x)|FF] < PERF) — o (VEEY), VEX")) + O‘TE (118" 12[F*] . (3.80)

Using 2(a,b) = ||a]|?> + ||b||> — ||a — b||?,¥a, b € R”, in (3.80), we obtain: Vk > 0,

B[P FF] < FE) = SIVFEN|? - SIVEH)|?

«Q —k\ O k(2 o’ L —k 2|k
+ SIVEER) - VEEH) 2+ 52E [[88121] (3:81)
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Applying Lemma 3.3.1(c) and (3.74) to (3.81), we have: Vk > 0,

- _ @ _ a(l—al), =
B[P FY < P(&) - SIVRE: | - 20 Tr ek P
al?  o?L3 ez Q2L
+ (W + )Hx I |2 4 i, (3.82)
The proof follows by the fact that if 0 < a < 2L’ we have —M < —% and az—fj + (’253 < “TLZ O

Compared with the corresponding descent inequality for centralized batch gradient descent [10], Lemma 3.3.4
exhibits two additional bias terms, i.e., |x*¥ — Jx*|| and ¥  that are due to the decentralized nature of the
problem and sampling. To establish the convergence of GT-SAGA, we therefore bound these bias terms by

|[VE(x*)|| and show that they are dominated by the descent effect —||VF(x"*)]|.

3.3.5.4 Bounds on the auxiliary sequence t*
In this subsection, we analyze the evolution of the auxiliary sequence t* and establish useful bounds.

Lemma 3.3.5. The following inequality holds: Yk > 0,

20202 2\ 1
E [t"T1F*] < ot + (2a + )||Vf( M2+ ( -y —)—Hx’c — Jx"|?,
n m/n
where the parameter 8 € R is given by
1 20212
9:=1- — +af+ 22 (3.83)
m n

and > 0 is an arbitrary positive constant.

Proof. We define A* := ¢ (U?zlo(rzk),Fk) and clearly F* C AF. By the tower property of the conditional

expectation, we have: Vi € V,Vk > 0,

m

[tk+1|fk _ %Z —k+1 k+1H ‘Ak] |]_—k] (384)

Since s¥ is independent of .A¥ under Assumption 3.3.1, we have: Vi € V,Vj € {1,--- ,m},k > 0,

]E{n{sf:j}pﬂ - % and E[ﬂ{s%}mﬂ —1- - (3.85)

In light of (3.85), we have: Vi € V,Vj € {1,--- ,m}, k >0,
[||Xk+1 k+1|| |Ak}
2
_ <k+1 k k k
-l Gt )
|:||Xk+1|| ‘Ak +E|:H]1{Sk_]}x + ]l{skij}z ‘ ‘A :| — 2E|:< 17ﬂ{5§:j}xf + ﬂ{sf#]}Zi]> ’Aki|
1 1 1
° ||zk“||2 ~a(® Ly (1 DYab o L (1 ) ek
m m/ " m k

H—k-&-l f||2 n ( )H—k+1 ‘)sz (3.86)




CHAPTER 3. DECENTRALIZED SMOOTH NON-CONVEX FINITE-SUM OPTIMIZATION 94

where (i) uses (3.85) and that X**! x* and zy ; are AF-measurable. Using (3.86) in (3.84), we obtain the

9y Mgy

following: Vi € V,Vk > 0,
E k+1 Jfk _ 1 E <k+1 k|2 ‘Fk 1 1 1 % E <k+1 k(12 .Fk 3.87
(] = SB[ x| (1 ) SRR el P @)
j=1
We next bound the two terms on the RHS of (3.87) separately. For the first term, we have: Vi € V, k > 0,

E[|lx*" — x}|* F*]

E[|g" ! —x* +xF — xP'||?| 7]

= o’E[|[g"|*|F7*] - 2(aVE("), %" — x}) + =" — x|

IN

@®E[|[g"[I*|F*] + o[ V)| + 2l|x — %12, (3.88)

where the last line uses the Cauchy-Schwarz inequality. Towards the second term on the RHS of (3.87), we
have: Vie V, j € {1,--- ,m}, Vk >0, V3 > 0,
E[Hik-i-l _ Z§j||2|]:k]
= E[[g*! - = +x* - zﬁjllﬂf’“]

= ’E[|[g"I°|F*] — 2a(VE(x"), %" — 2} ;) + |2 — 2F |

IN

E[g" P F*] + (1 + ap)|x* *Z”HQ ||W(Xk)||2, (3.89)
where the last line uses Young’s inequality. We apply (3.88) and (3.89) to (3.87) to obtain: Vi € V, Vk > 0,
B[] < (1- )0 +ap)th +aE[lg" P17
+ %fo — =k + (%2 +(1- %)%) IVE(x) % (3.90)
We average (3.90) over ¢ from 1 to n and use (3.74) in the resulting inequality to obtain: Vk > 0,

2712 2
i) < (B 2 (s (- )8 e

202 L2 1
+ ( “E (1 - —)(1 + aB)) £k (3.91)
n m
We conclude by using = +1<2and 1 — = < 1in (3.91). O

Next, we specify some particular choices of 5 and the range of o in Lemma 3.3.5 to obtain useful bounds

on the auxiliary sequence t*. The following corollary shows that ¢* has an intrinsic contraction property.

Corollary 3.3.1. If0<a < \/QL, then Vk > 0,

1 _
E [t*H1F*] < (1 - R)t’“ + 4ma® || VE(x")||> + [|x* — IxF||%

dmn
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Proof. We choose g = m in Lemma 3.3.5 to obtain: if 0 < a <

. 272
ie., 2aL” < L then
n 4m

FL’
bo1-Liap 2 o L (3.92)
m 4m
202 + % =202 + 2ma? < 4ma?. (3.93)
272
2anL % < ﬁ + % = %. (3.94)
We conclude by applying (3.92), (3.93), (3.94) to Lemma 3.3.5. O
The following corollary of Lemma 3.3.5 will be only used to bound E[|gk*t? — V£ (x*+1)||2|F*].
Corollary 3.3.2. If0 < a < \/gy then Yk > 0,
E[t*HHFF] < 28 + 302 (| VERx")|1? + %ka — JIxM||%.
Proof. Setting 8 = 1/« in Lemma 3.3.5, we have: if 0 < a < FL’ ie., Q‘IZLQ < %, then
9—1—i+aﬂ+2f‘2a2 <2 (3.95)
202 + % = 302 (3.96)
272
We conclude by applying (3.95), (3.96), (3.97) to Lemma 3.3.5. O

With the help of (3.71), (3.73) and Corollary 3.3.2, we provide an upper bound on E[||gh+! —Vf(x**1)||2| F¥].

Lemma 3.3.6. If0 < a < \/‘LL, then Yk > 0,

E[||ghT! — VE(x*)|12|F*) < 8.5L%||x" — Ix¥|? + 4nL?t*
+6na” L | VE(x")[|* + 4o’ L*E[[|y* T — Jy" 1?1 7*].
Proof. By the tower property of the conditional expectation, we have: Yk > 0,
E [”gk}-‘rl o vf(xk+1)||2|j—_'k]
- F [E [Hgk+l _ Vf(xk+1)||2‘f~k+l] |J—_-k]
< 2L°E [||x*+ = Ix*HY)2|FF] + 20 R [t5 Y FF]
— 9
< 2L? (2||xk — JxF |2 + 22°E [||yk+1 - Jyk+1H2|]:kD +2nL? (th + 30| VE(x")||? + y— [|x* — Jxk||2) ,

where the second line uses (3.73) and the third line uses (3.71) and Corollary 3.3.2. The desired inequality

then follows. O
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3.3.5.5 Bounds on stochastic gradient tracking process

In this subsection, we analyze the variance-reduced stochastic gradient tracking process (3.69a). The analysis
techniques presented here are related to [4,67], where uniformly bounded variance of each stochastic gradient
is assumed as they focus on the online setting. In contrast, due to the local variance reduction technique in
GT-SAGA that leverages the finite sum structure of the problem, such assumption is not needed here and we

use Lemma 3.3.3 to control the variance of stochastic gradients.

Lemma 3.3.7. The following inequality holds: Yk > 0,

E[[[y**? — Iy**2|?] < NE[|ly**! = Iy* T 1°] + NE[|lg" — g¥|1?]
+2E[ (W — D)y (W = J) (VE(xFT!) — VE(x"))) |

+2E[ (W — D)y (W = J) (VE(x") — g")) ].
Proof. Using (3.69a) and JW = J, we have: Vk > 0,

k+2 k+2 H 2

ly" ™ - Jy
= [Wy* ! — Iy + (W —J) (g — g") |I?
= Wy — Iy 2 4+ | (W =) (gFF! — ") |2 + 2(Wy T — JyF+ (W = J) (g" — g¥))

S )\2”yk+1 o Jyk+1||2 + )\2”gk+1 o gk”Q +2 <Wyk+1 o JykJrl7 (W o J) (gk:+1 o gk)>’ (398)

where the last line uses Lemma 3.3.1(a) and ||[W — J|| = A. To proceed, we observe that Vk > 0,

]E [<Wyk+1 JykJrl (W J) (gk+1 )> ‘fk#’l]
_ <W k+1 Jyk+1 (Vf k+1 gk)>
= (Wyh !l — Jy*FH (W — J) (VE(x"T) — VE(xY)))
+ (WyFH — Iy (W - J) (VE(xF) - g¥)), (3.99)

where the first line uses that E[gFT!|F**1] = Vf(x**1) and that y**1 and g¥ are F**l-measurable for

all £ > 0. We conclude by using (3.99) in (3.98) and taking the expectation. O
We next bound the third term in Lemma 3.3.7.
Lemma 3.3.8. The following inequality holds: Yk > 0,

<W k+1 Jyk+1, (W _ J) (Vf(X’Hl) _ Vf(xk))>

< (AL +0.571 + 12) /\2||yk+1 — Jy’“‘lH2 + 0.5771_1)\2042[/2n||gk||2 + 772_1)\2L2||xk — Jx"|?,

where n1 > 0 and n2 > 0 are arbitrary.
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Proof. Using Lemma 3.3.1(a) and ||[W — J|| = A, we have: Vk > 0,
(Wyk1 — Jy* L (W ) (VEG) — TE))) < XLy - Iy b (3.200)
Observe that Vk > 0,

||Xk+1 _ Xk” _ ka+1 _ Jxk-i-l + Jxk+1 _ Jxk -I—JXk _ Xk”
< Jx* = IxEH 4 Vialgh|| + [1x" - Ix]

< 2%t — 3k + yiagt] + aAly* T — Tyt (3.101)
where the last line is due to (3.72). We use (3.101) in (3.100) to obtain: Vk > 0,

(WyFtt — Jy"Hl (W —J) (V) - VERxF)))

< NaLllyH = Iy 4 2y - 3y raLlgh| + 20y - Iy L - 3k (3102)
By Young’s inequality, we have: Vk > 0, for some 77 > 0,
N[ly* = Iy* [ ViaLlgh(l < 0.50% (mly* Tt = Iy |2 4+ 0y tna® L8 ) (3.103)
and, Yk > 0, for some 1y > 0,
222 [y" = IyMHHIL )" = IxE|| < Ay = Iy 4 A%y L2 — 3 (3.104)
The proof follows by applying (3.103) and (3.104) to (3.102). O
We next bound the fourth term in Lemma 3.3.7.
Lemma 3.3.9. The following inequality holds: Yk > 0,
E[(Wy" ! — Jy"*1 (W - J) (VE(x") — g")) ] <E[llg" - VE")II?] /n.

Proof. In the following, we denote V¥ := Vf(x*) to simplify the notation. Observe that V& > 0,

W2(y" +g" — "), (W = I)(VE* — g")) | 7]

(

K

[(W2g", (W —J) (VE* —g")) | 7]

(W2 (g" = VE¥) (W =) (V" — g")) | 7]

[(g" — VE*) T (I - WTW?)(g" — VEF)|F¥], (3.105)

where (i) uses (3.69a) and JW = J, (ii) and (i9) use that y*, gF~! and Vf* are F¥-measurable and

that E[gF|F*] = V¥ for all k > 0, and (iv) uses JW = J. Using

E [(gf — Vfi(x}),gf = V{))IFF] =0
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for all i # j € V and the fact that W T W? is nonnegative, we have: Vk > 0,
E[(g" - V)" (I -WTW?) (g8 - VE) | F']
=E [(g" — V") "diag (T - W W?) (g" — V£F) | FF]
< E|[(g" — V*) diag(J) (g" — VE¥) |F¥]. (3.106)
The proof follows by taking the expectation of (3.106). O
We finally bound the second term in Lemma 3.3.7.

Lemma 3.3.10. The following inequality holds: Vk > 0,

Ellg"" - g"17] < 1222 L2E[ly**" — Iy 1|1°] + 2E[|lg* — V)] + E[[lg"*" — VE)|?]
+ 18L°E[||x" — Ix*||?] + 6na”L2E[|g"?].
Proof. Since g" and Vf(x**1) are F**1-measurable, and E[gh+!|FF*1] = Vf(x¥*1), we have: Vk > 0,

E [Hgk—‘rl _ ngQ‘f-k—H]
=E [|lg"! = VE)2IFH] + | VEGM) - g¥))
<E[[lghtt = VEGEPFH] 4 2| VE(x") = VE)|1? + 2| VE(x") - g2

< E[||lg"t" — VEM)|2F] + 202 IxM T — xF|)? + 2| VE(xP) — g (3.107)
Similar to the derivation of (3.101), we have: Vk > 0,

R S [ [ L S PN Bl
< Bl = I o Bna® g8 + 3]k - I

< 0flx — et 4 Bna? [ 7 + 6 A2 y* T ayR e,
where the last line is due to (3.71). We conclude by applying the last line above to (3.107). O
Now, we apply Lemma 3.3.8, 3.3.9, 3.3.10 to Lemma 3.3.7.
Lemma 3.3.11. The following inequality holds: Yk > 0,

E [Hyk""2 — Jyk"'QHQ] < (1+2XaL+m +2m2 + 12)\2a2L2) NE [||yk+1 — Jyk"'lHﬂ
+ (20 ' + 18) NL7E [||x* — Ix¥||?] + (1! +6) A2 a’L*nE [||g"|?]

(23 +2/n) E [[lg" — VEGH) ] + VE [lght — VEGH ]

Proof. Apply Lemma 3.3.8, 3.3.9, 3.3.10 to Lemma 3.3.7. O
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Finally, we use Lemma 3.3.3 and 3.3.6 to refine Lemma 3.3.11 and establish a contraction in the gradient

tracking process.

Lemma 3.3.12. If 0 < o < min { 116’}\2 , \/%}%, then we have: Vk > 0,

. 14+ M2 30.5L2
E[\ka+2 _Jyk+2||2] < TE[”yk—H _ Jyk+1||2} Y [H k Jxk||2]
97172 160202 L2 —
S E ] + = E[IVEH)|].

Proof. We apply Lemma 3.3.3 and 3.3.6 to Lemma 3.3.11 to obtain: if 0 < o < \/‘L then Vk > 0,

E[ly*"? = Jy"*2|?] < (14 20aL 4+ + 2n2 + (120 +4) o®L%) NE [|ly*+! — Iy (]
2,212
+( PR8N 4+ (it + 6)2)\+L + % + 12.5)\2>L2E [IIx* — Ix*|?]
+ (207" + 6)\%% L2 + (20 + 1/n) 4n) L*E[1*]

+(ny '+ 12)A2a?L?nE [||VE(x")|?] . (3.108)

. It can then be verified that 1+ 2 aL + 1y + 2n2 + (1222 + 4)a?L? < L+)>

1-)2
We fix 1 = 55z and g2 = e

8>\2

fo<a< }6 )f‘L The proof then follows by applying this inequality and the values of ; and 79 to (3.108). O

3.3.5.6 Proof of Theorem 3.3.1

In this subsection, we prove the convergence of GT-SAGA for general smooth non-convex functions. To this
aim, we write the contraction inequalities in (3.70), Corollary 3.3.1, and Lemma 3.3.12 as a linear time-
invariant (LTI) dynamics that jointly characterizes the evolution of the consensus, gradient tracking, and

the auxiliary sequence t*.

Proposition 3.3.1. If0<a < mm{%, %} %, then

u !t < G u” + b”, Vk >0,

where u* € R3, G, € R3*3, and b* € R? are given by

i E_Jxk)2] 7 M 7 r 2 22727
g |1 = Ix7] 0 1+ A o L
n 2 1— )2
uk = E [tk] , b:= 4dma? , G, = i _ i ,
4m 4dm
. [y"+t — Jykt1)2 162202 30.5 97 1422
L nL? | [ 1— )2 ] L1— A2 8 2

and b* = [||Vf( ol ]
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We first derive the range of the step-size o under which the spectral radius of G, defined in Proposi-
tion 3.3.1 is less than 1, with the help of the following Lemma from [36].

Lemma 3.3.13. Let X € R™? be a non-negative matriz and x € R? be a positive vector. If Xx < X,

then p(X) < 1. Moreover, if Xx < x, for some 8 € R, then p(X) < 8.

Lemma 3.3.14. If0 < o < min { (1g5’\;)2,\/%} +, then p(Gq) < 1 and thus Y 5o GE = (I3 — G.) .

Proof. In light of Lemma 3.3.13, we find a positive vector € = [e1, €, €3] " and the range of a such that

G € < €, which is equivalent to the following set of inequalities:

2 (1 — )\2)2 €1

Based on (3.110), we set e; = 1 and €3 = 10. Then based on (3.111), we set e3 =

-1 3.109

AN2[2 €5’ ( )

91 < e, (3.110)
61 97

3.111

(P TRRTIE Uh 1

303.5
a2

[(ESGEE The proof follows

by using the values of €; and €3 in (3.109). O

Based on the LTI dynamics in Proposition 3.3.1, we derive the following lemma that is the key to establish

the convergence of GT-SAGA for general smooth nonconvex functions.

(1-2?)?
35A

Lemma 3.3.15. If0<a < min{ @}%, then we have: VK > 1,

’ V8m

K
duF < (I-G,)! <u° +b
k=0

Proof. We recursively apply the dynamics in Proposition 3.3.1 to obtain: u* < G’éuOJrZI,:é G bF-1=r vk >

K-1

> E[wx’wnﬂ) :

k=0

1. We sum this inequality over k£ to obtain: VK > 1,

K K K k-1
DTS 3y B
k=0 k=0 k=17=0
oo K-1 9]
< (e )X (e )
k=0 k=0 \k=0
The proof follows by > r- i Gk = (I - G,)~! and the definition of b* in Proposition 3.3.1. O
Lemma 3.3.16. If 0 < a < min { (1195)2’%} %7 then
[ TT6A*ma?L? 16A%a?L? 7 i 5 256A%Y\ AatL? ]
- : 3104m~ +
(1—x2)3 (1—x2)3 1-X2) (1-=X2)3
2,272
(I = Ga) ™' < |« 8m HiN o L7 ) (I = Ga)'b < 33m2a? 5
(1 —A2)3
| * * * | i * |

where the x entries are not needed for further derivations.
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Proof. In the following, for a matrix X, we denote X* as its adjugate and [X]; ; as its (¢, j)-th entry. We first

note that if 0 < o < C= 48>\L ,det (Is — Gg) > (13_;?‘;)2. We next derive upper bounds for entries of (Is—Gg)*:
97\2a2 L2 Na?L?
Is —Go)'lie=—7—r, Is - Go)'his = ——,
[( 3 ) ]1.,2 4(1 — )\2) [( 3 ) ]173 2m(1 — )\2)
(1—A2)2 9INZa?L?

[(IS - Ga)*]2,2 < [(13 — Ga)*bﬁ =

1 om(l — 22)’

The upper bound on (I3 — G,)~! then follows by using the above relations. Finally, we have:

r3104\%2m2a*L? . 256 \tat L2
(1—2X2)3 (1—X2)4
4,472
e < » 5 . 2304NL
(13 GOC) b = 32m o + W
. * -
Ifo<a< (14_812)2, then 32m2a? + % < 33m2a? and the bound on (I3 — G,)~'b follows. O

We now bound two important quantities as follows.

Lemma 3.3.17. If 0 < a < min { (ig;)Q ﬂ}%, then we have: VK > 1,

I \/%
iE T 16)'a> [VEGO)P | (oo 5 8N ) 32\a'L? KZ B[[TECHP], (3112)
—[]x" — Jx ,
n e R E) TN aep &
_ aa? VRGP =
Z]E -2 n +33m%a® > RB[|[VE(x")|]. (3.113)
k=0
Proof. By (3.69a), we have |ly' —Jy!|> = [[(W = J)(y° +g° — g™ )||? < A?|VE(x?)||?. The proof then
follows by applying this inequality and Lemma 3.3.16 to Lemma 3.3.15. O

Now, we are ready to prove Theorem 3.3.1.

Proof of Theorem 3.3.1. We sum up the inequality in Lemma 3.3.4 over k: if 0 < a < 211:’ then VK > 1,

o K-1 o K-1 o 023 K-1
E[F(E")] < F(=) -5 > E[IVEE)IP] - 5 > E[IVEG")?] +
k=0 k=0 k=0

E[t"]

+al? Z EHX Jxk||2] (3.114)

By the L-smoothness of F, we have: ot >"7"  |[VF(xF)|? < |[VEXY)|? + %Qka — Jx*||?, Vk > 0. Using

this inequality in (3.114), we obtain: if 0 < a < 2L7 then VK > 1,

o ST o ol 2L3K 1
E[FxY)] < F(R° EZ S E[IVFEI] - 1 > E[|VExF E[t
=1 k=0 k=0 k=0
3aL2 e T,
E{E xk — Jx| ] (3.115)

k=0
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Applying (3.113) to (3.115), we obtain the following: if 0 < o < min { (1195)2 , \/%, %}%, then VK > 1,

n K-1 K—-1
_ _ « 114X*a* L3 || VE(x9)||?
"3 ko 8 k—0 n(l —A?) n
3aL? = [1 264m2a L3
+ 0‘2 ]Eb”xk —Jxk||2} - % (1 ma ) } :E IVE(x")]12]. (3.116)

Ifo<a< 1327’:;//;, 1-— 264’”2“3L3 > 0 and thus the last term in (3.116) may be dropped. We then use (3.112)

n (3.116) to obtain: if 0 < a < min{(lzg‘j)z , 123’:”71;;3, 2} then VK > 1,

n K-1 K—-1
<K —0y _ & L = k2
E[F(x")] < 4nz E[|VF(x ZE ||X —Jx7|
i=1 k=0
(Dol 28\* a3 L2 ||VE(x0) |2
28n (1 —=2A2)3 n
a , 82 896)\2 4L4
-3 <1 — max {97m T A2} Z E [|[VE(x")]?] . (3.117)

_y2\3/4
If 0 < a < min {%, %} %, then max {9777127 1%\;2}8%?‘2)\245 < 1 and the last term in (3.117)

may be dropped. Thus, if 0 < @ < @; for @; defined in Theorem 3.3.1, we obtain from (3.117) that

n K-1 K-1
- oy «@ L2 1 112X%P L2 || VE(x%)||2
E[F(E")] < FE") - 4 > E[IVEGED?] - [;IIX’“— xk||2} e I (n )\
i=1 k=0 =0

for all K > 1. Since F' is bounded below by F*, the above inequality leads to, VK > 1,

- 4(F(XY) = F*)  448)\*2L? | VE(x9)|2
Z ZE[HVF )? + L2k — ’f||2} < UK O)( )y 120 ” (n)” : (3.118)

Since the RHS of (3.118) is finite and independent of K, we let K — oo in (3.118) to obtain:

ZZE[HVF P+ [lxF — ’“IIQ} < o0, (3.119)

k=0 i=1

which shows that all nodes in GT-SAGA asymptotically agree on a stationary point of F' in the mean-squared
sense. Moreover, since the series on the LHS of (3.119) is nonnegative, we may exchange the order of the
series and expectation to obtain [127]: E [Y77 o > ([[VE(xF)||? + [|x¥ — %¥||?)] < oo, which implies that

(ZZ (HVF M+ llxF — ’“Ilz) < 00> =1, (3.120)

k=0 i=1
i.e., all nodes in GT-SAGA asymptotically agree on a stationary point of F' in the almost sure sense. Finally,

towards the iteration complexity of GT-SAGA, we set o« = @; in (3.118) and divide the resulting inequality

by K to obtain: VK > 1,

1 4FX°) — F*)  448\*a% L2 || VE(x)||?
- F(x < : .
n ; ,; VOO = = P Ak (3121

Based on (3.121), the iteration complexity of GT-SAGA then follows by recalling the definition of @; in

2 2 2 2\2
Theorem 3.3.1 and that 4%?‘ ;;1)5 <A (1;)‘ ) since 0 < @, < (143‘\2 . O
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3.3.5.7 Proof of Theorem 3.3.2

In this subsection, we prove the linear rate of GT-SAGA when the global function F' additionally satisfies the
PL condition. In particular, we use the PL condition and Lemma 3.3.1(e) to refine the descent inequality in

Lemma 3.3.4 and the previously obtained LTI system in Proposition 3.3.1.

Lemma 3.3.18. If0 < a < ﬁ, then Vk > 0,

L2 27,3
E[F(§k+l) _ F*l}—-k] < (1 _ /.LO()(F(Yk) _ F*) + aT||Xk _ JXkHQ + Ltk.
Proof. Apply the PL condition to Lemma 3.3.4 and then subtract F* from the resulting inequality. O

Next, we refine Corollary 3.3.1 as follows.

Lemma 3.3.19. If 0 < a < X% then Wk > 0,

E[tHH 7] < (1 - ﬁ)tk +16maL (F(®*) — F*) + (8ma2L2 + i)%”x’“ — Ix|2

4m
Proof. By Lemma 3.3.1(c) and 3.3.1(e), we have: Vk > 0,
IVE(")|1? < 2| VF(")|? + 2| VF(x") - VE(x")|?
<AL (F(XF) - F*) + T||x’c — JIxF|% (3.122)
The proof follows by applying (3.122) to Corollary 3.3.1. O

We finally refine Lemma 3.3.12 as follows.

Lemma 3.3.20. If0 < a < min {11_6—/\;7 \/%} %, then Yk > 0,

3112
1— )2

14+ \2
E[l|yk+2 _ Jyk—&-QHZ} < TE[”yk—H _ JkaHﬂ +

97L°n [tk] n 64\2a2 L3n
8 1— A2

E [||xk — Jxk||2]

E[F(x") — F*].

. L. . 1—)22 \/ﬁ 1
Proof. Applying (3.122) to Lemma 3.3.12, we have: if 0 < a < min {W’ M} 7, then Vk >0,

1+ A2
B[lly*2 - Iy*22) < “R [yt - Iy + (305 + 32022 L2) TSt — Ixt ]
97L%n_ 4 64222 L3n K .
. —\2
We conclude by 30.5 + 32X2a2L? < 31if 0 < o < ﬁ. O

Now, we write (3.70), Lemma 3.3.18, 3.3.19 and 3.3.20 in a LTT system.
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Proposition 3.3.2. If0 < a < min {%, \/%, %} %, then

v+l < Havk, Vk >0,

where vF € R* and H, € R4 are given by

i 1 T [ 14 )2 2220212
E|Z k _ J k|2
{n”x x| } 2 0 0 1- 2
1 . 2L2
—E [F(x") — F*] al 1—po a 0
k L n
v o= , H, =
1
E [t*] Sma’L? + 2 16ma?l? 1- -
4dm 4dm
1 31 642202 L2 97 1422
E [ 5 Hyk+1 _ Jyk+1||2] « I +
| [nL i L 1-—2)2 1— )2 8 2

We are ready to prove Theorem 3.3.2, i.e., to establish an upper bound on p(#,) that characterizes the

explicit linear rate of GT-SAGA under the PL condition.

Proof of Theorem 3.3.2. In light of Lemma 3.3.13, we solve for the range of o under which there exists a

positive vector s, = [s1, 52, 83, 84] | s.t. Hasq < (1 — B )saq, ie.,

20202 L? 1-22  pua
s (o) (3.128)
2L2
alLsi + s3 < %52, (3.124)
9 1-2
<8ma2L2 + —)31 + 16ma’L?sy < w837 (3.125)
4m 4m
31 64\2a?L? 97 1— M2 — o
= )\281 + -2 So + §83 < f&y (3.126)

We first note that (3.124) is equivalent to O‘TL283 < %SQ — Lsq and hence we set the values of sy, s, s3 as
s1=1/(4rK), sp =1, s3 =n/(4arL), (3.127)

where k = L/u. Next, we write (3.125) equivalently as

1 - 2mupa 9
————— 53 — —S57. 12
am S3 4m81 (3 8)

1—2mpa 1
4m 2 8m

8ma’L? (s; + 2s3) <

1
4mp?

According to (3.128), we enforce 0 < o < ie., ; therefore to make (3.128) hold, with the

help of the values of s1, s, s3 in (3.127), it suffices to further choose « such that

1 n
18ma2L? < (— - ) 12

Sma — 16mk \2aL ) (3.129)
According to (3.129), we enforce 0 < a < zg7, i.e., 577 —9 > %7, and therefore to make (3.129) hold,

nl/3
10.5m?2/3x1/3L"

2
enforce 0 < a < 15;\2, ie., 1_’\2_”0‘ > 11)‘2 and therefore to make (3.126) hold we set s4 as

it suffices to further choose « such that 0 < a < Next, according to (3.126) we further

124 N 256202 L> 97
1 — 2221 T T2z 2T -yt

(3.130)

Sq4 =
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)

Finally, since 0 < o < %, to make (3.123) hold, it suffices to further choose « such that ?’1\2_%\22?; #<1

which, using the values of s1, s4, becomes

992)\202 L2 n 8192k %t L* n 388\ 2nal <
At "Taoer Taowep S

(3.131)

(1232 122 (1-A%)°
55x 0 13Ak1/4° 388A%n

fo<a< min{ }%, then the terms on the LHS of (3.131) are respectively less
than % and thus (3.131) holds. Based on the above derivations and Lemma 3.3.13, we have: if 0 < a < @

for @y defined in Theorem 3.3.2, then p(H,) <1 — % which concludes the proof. O

3.4 Conclusion

In this chapter, we consider decentralized empirical risk minimization problems defined in a network of n
nodes, where each node holds m smooth non-convex cost functions. The goal of the networked nodes is to find
an e-accurate first-order stationary point of the average of N := nm cost functions across all nodes. For this
formulation, we consider two instances of the GT-VR framework proposed in Chapter 2, called GT-SARAH and
GT-SAGA, that exhibit trade-offs in regimes of practical interest. In a big-data regime n = O(N'/2(1 — \)?),
the gradient complexity of GT-SARAH reduces to O(LN'/?¢~2) which matches that of the centralized optimal
methods [48-50] for this problem class, where L is the smoothness parameter of the cost functions and (1 — \)
is the spectral gap of the network weight matrix. On the other hand, in large-scale network regimes where
the number of the nodes and the spectral gap of the network are large, we show that GT-SAGA achieves faster

convergence than GT-SARAH and other existing approaches.



Chapter 4

Decentralized Online Stochastic Non-Convex

Optimization

In this chapter, we study decentralized smooth non-convex expected risk minimization problems. In par-
ticular, we establish the convergence properties of the well-known GT-DSGD algorithm which combines DSGD
with the gradient tracking technique. For general smooth non-convex functions, we establish the conditions
under which GT-DSGD exhibits network topology-independent performances that match the centralized SGD.!
Conversely, the results in the existing literature imply that GT-DSGD is always worse than the centralized SGD.
When the global function further satisfies the Polyak-F.ojasiewics (PL) condition, it is shown that GT-DSGD
converges linearly up to a steady-state error with appropriate constant step-sizes. With a family of stochastic
approximation step-sizes, we show that GT-DSGD achieves the optimal global sublinear rate with probability

one and the asymptotically optimal sublinear rate in mean.

4.1 Introduction

We consider decentralized non-convex optimization where n nodes cooperate to solve the following problem:

min F(x) = % > 50 (4.1)

xERP

such that each function f; : RP — R is local and private to node ¢ and the nodes communicate over a balanced
directed graph G = {V, &}, where V = {1,--- ,n} is the set of node indices and £ is the collection of ordered
pairs (i,7),7,7 € V, such that node j sends information to node i. Throughout the chapter, we assume that

each local f; is smooth and non-convex. We focus on an online? setup where data samples are collected in

IReference [149] shows that centralized SGD is optimal for this problem class.
2We note that “online" sometimes refers to time-varying functions, which is different from the problem setup in this thesis.

106
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real-time and hence each node i only has access to a noisy sample g; of the true gradient at each iteration,
such that g; is an unbiased estimate of V f; with bounded variance. Problems of this nature have found

significant interest in signal processing, machine learning, and control [7,14].

4.1.1 Related work

Based on the classical stochastic gradient descent (SGD) [7], a well-known solution to Problem (4.1) is
decentralized SGD (DSGD) [37,39]. However, the convergence of DSGD for non-convex problems has only been
established under certain regularity assumptions such as uniformly bounded difference between local and
global gradients [2,41,43], or coercivity of each local function [42]. It has also been observed that if the data
distributions across the nodes are heterogeneous, the practical performance of DSGD degrades significantly [14,
20,67]). One notable line of work towards improving the performance of DSGD is EXTRA [68] and Exact
Diffusion [115], where the convergence under the stochastic non-convex setting is established without the
aforementioned regularity assumptions [3]; however, they require the weight matrix to be symmetric and the
smallest eigenvalue is lower bounded by —1/3. Another family of algorithms to eliminate the performance
limitation of DSGD is based on gradient tracking, introduced in [55,65], where the basic idea is to replace the
local gradients with a tracker of the global gradient VF. Decentralized first-order methods with gradient
tracking have been well studied under exact gradients, where relevant work can be found, e.g., in [52-54,
56,129]. However, the convergence behavior of gradient tracking methods has many unanswered questions

when it comes to non-convex online stochastic problems [126,150].

4.1.2 Main contributions

This chapter considers GT-DSGD [67], that adds gradient tracking to DSGD, for online stochastic non-convex
problems and rigorously develops novel results, key insights, and new analysis techniques that fill the theory
gaps in the existing literature on gradient tracking methods [67, 126, 150]. The main contributions are

described in the following.

e General smooth non-convex problems. We explicitly characterize the non-asymptotic, transient
and steady-state performance of GT-DSGD and derive the conditions under which they are comparable
to that of the centralized minibatch SGD. In particular, we show that its non-asymptotic mean-squared
rate is network-independent and further matches the centralized minibatch SGD when the number
of iterations is large enough. In sharp contrast, the existing results in [126, 150] suggest that the
convergence rate and steady-state performance of GT-DSGD are always network-dependent and therefore

are strictly worse than that of the centralized minibatch SGD; see Section 4.3.1 for details.
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« Problems satisfying the global Polyak-Lojasiewicz (PL) condition. We analyze GT-DSGD when
the global (smooth non-convex) function F' further satisfies the PL condition. For both constant and
decaying step-sizes, we explicitly characterize the non-asymptotic, transient and steady-state behaviors
in expectation, and establish the conditions under which they are comparable to that of the centralized
minibatch SGD. We further establish global sublinear convergence rates on almost every sample path.
The obtained sample path-wise rates are order-optimal. To the best of our knowledge, these are
the first results on path-wise convergence rate for online decentralized stochastic optimization under
non-convexity, thus generalizing prior results in the decentralized stochastic approximation literature,
e.g., [151], where the convergence analysis is mostly performed under assumptions of local convexity.
As special cases, these results improve the current state-of-the-art on exact gradient methods under

the PL condition [143] and stochastic strongly convex problems [67]; see Section 4.3.2 for details.

e Technical analysis. We emphasize that the analysis techniques in this work are substantially different
from the existing ones [67], [150], [126] and may be applied to other gradient methods built upon
similar principles. We describe a few key features in the following. We establish tighter bounds on the
stochastic gradient tracking process, by exploiting the unbiasedness of the online stochastic gradients,
based on which all convergence theorems are derived; see Section 4.5.1.2. To prove the convergence
under general non-convexity, we characterize a descent inequality explicitly with network consensus
errors and further show that the cumulative consensus errors along the algorithm path are dominated
by the cumulative descent effect of the local gradients; see Section 4.5.1.3. Towards the convergence
analysis under the global PL condition, we derive the uniform boundedness of gradient tracking errors
that is crucial in simplifying the ensuing analysis; see Lemma 4.5.18. Subsequently, we construct an
appropriate stochastic process that forms an almost supermartingale [152] to prove sublinear rates on
almost every sample path; see Section 4.5.2.2. To develop the convergence results in mean under the
global PL condition, we use the analytical tools developed for recursive processes with time-varying

step-sizes; see Section 4.5.2.3.

The rest of the chapter is organized as follows. Section 4.2 describes the assumptions and the GT-DSGD
algorithm. In Section 4.3, we present the main results and discuss the contributions of this chapter in the
context of the current state-of-the-art, whereas Section 4.3.1 and 4.3.2 respectively focus on the general
non-convex and the PL case. We present detailed numerical experiments in Section 4.4 to demonstrate the
main theoretical results in this chapter. Section 4.5 presents the detailed proofs of the main theorems in this
chapter. Section 4.5.1 establishes general bounds on the stochastic gradient tracking process and proves the

convergence for smooth non-convex functions. Sections 4.5.2.1, 4.5.2.2; and 4.5.2.3 provide the convergence
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analysis under the PL condition on top of the results obtained in Section 4.5.1. In particular, Sections 4.5.2.1
and 4.5.2.3 focus on the convergence in mean with constant and decaying step-sizes respectively while
Section 4.5.2.2 focuses on the almost sure convergence. Section 4.6 concludes the chapter.

We use lowercase bold letters to denote vectors and uppercase bold letters for matrices. The matrix, Iy
(resp. Oy), represents the d x d identity (resp. zero matrix); 14 and 04 are the d-dimensional column vectors
of all ones and zeros, respectively. We denote [x]; as the i-th entry of a vector x. The Kronecker product
of two matrices A and B is denoted by A ® B. We use ||-|| to denote the Euclidean norm of a vector or
the spectral norm of a matrix. For a matrix X, we use p(X) to denote its spectral radius, X* to denote its
adjugate, det(X) to denote its determinant, [X]; ; to denote its (7, j)th element and diag(X) as the diagonal
matrix that consists of the diagonal entries of X. Matrix-vector inequalities are interpreted in the entry-wise

sense. We use o(+) to denote the o-algebra generated by the random variables and/or sets in its argument.

4.2 Assumptions and the GT-DSGD Algorithm

We are interested in finding a first-order stationary point of Problem (4.1) via local computation and commu-

nication at each node. We first enlist the necessary assumptions that are standard in the literature [5,7,20,67].

Assumption 4.2.1 (Objective functions). Fach f; is L-smooth, i.e., AL > 0 s.t. ||V fi(x) — Vfi(y)] <

L|x —y|,Vx,y € RP. Moreover, F is bounded below, i.e., F* := infy F(x) > —oo0.

Assumption 4.2.2 (Network model). The directed communication network is strongly-connected and

admits a primitive doubly-stochastic weight matric W = {w,,.} € R"*™.

We consider iterative processes that generate at each node i a sequence of state vectors {x} : k > 0},
where x} is assumed to be a constant. At each iteration k, each node i is able to call the local oracle
that returns a stochastic gradient g;(x%, é’fe), where 52 is a random vector in R? and g; : RP x R? — RP is a
Borel-measurable function. For example, g;(x}, 52) may be considered as the stochastic gradient evaluated
at the state x} with the data sample 5}; observed at node 7 and iteration k. We work with a rich enough

probability space (2, F,P) and define the natural filtration as, Vk > 1,
Fe=0({&:0<t<k—-1,ieV}),  Fo:={e},

where ¢ is the empty set. The intuitive meaning of Fj is that it contains the historical information of the

algorithm iterates in question up to iteration k — 1.
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Algorithm 5 GT-DSGD at each node i

Require: xp; {an}; {w;, }; y) = 0,3 80 (x1,€7,) = 0.
1: for k=0,1,..., do
n

YZH = Zwir (YZ + gr(XZ?éZ) - gT(X};—laSZ—l))

r=1
n
7 . r r
Xpt1 = E Wiy (Xk - akYk+1)
r=1

2: end for

Assumption 4.2.3 (Oracle model). The stochastic gradient process {g;(x,&y) : Vk > 0,Vi € V} satisfies:
o E[gi(x, &) Fr] = Vfi(xh),Vk >0,Yi € V;
. E| ng(x}ffz) — Vfi(xi)HQ |Fi] <vEVk>0,Vi eV, for some constant v; > 0;
o The family {52 :Vk >0,Vi € V} of random vectors is independent.
no 2

We denote 12 := %Zi:l v;, the average of the variance of local stochastic gradients. We are also inter-

ested in the case when the global objective function F further satisfies the Polyak-FLojasiewicz (PL) condition

that was introduced in [5].
Assumption 4.2.4. 3u > 0 s.t. the global F : R? — R satisfies 2u (F(x) — F*) < |[VF(x)|?,Vx € R?.

When Assumption 4.2.4 holds, we denote x := = > 1, which can be interpreted as the condition number

vl

of F; see Lemma 4.5.12. Note that under the PL condition, every stationary point x* of F' is a global
minimum of F, while F' is not necessarily convex. Assumption 4.2.4 holds, e.g., in certain reinforcement
learning problems [153], see [5,147] for more details.

GT-DSGD, introduced in [67] for smooth strongly convex problems and formally described in Algorithm 5,
recursively descends in the direction of an auxiliary variable y}'C at each node, instead of the local stochastic
gradient g; (x};, {2) The auxiliary variable y}l€ is constructed under the dynamic average consensus princi-
ple [51] and tracks a time-varying signal 3", g;(x%,€}), which mimics the global gradient; see [14,67] for
further intuition and explanation. We note that GT-DSGD uses the adapt-then-combine (ATC) structure [37]

resulting in improved stability of the algorithm.

4.3 Main results

In this section, we present our main convergence results for GT-DSGD and compare them with the correspond-

ing state-of-the-art. For analysis purposes and the ease of presentation of main results, we let xg,yx, 8k,
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all in R™ respectively concatenate x};’s, y};’s, gi(x};,ﬁi)’& and write GT-DSGD in the following matrix

form: Vk > 0,

Virr = W (yr + 8k — 8k—1) , (4.2a)

Xpr1 = W (X — Y1), (4.2b)

where W = W @ I,,. We denote the exact averaging matrix as J := (11,1)) ® I, and A := |[W — J||, which
characterizes the network connectivity. Under Assumption 4.2.2, we have A € [0, 1); see [36]. For convenience,

we let Vf;, € R™ concatenate all local exact gradients V f;(x%)’s and denote

X = (1;1r ®Ip)Xk7 Y. =

S|l— 3|

Vi = —(1, ®1,)V, &, =

We assume without loss of generality that x}) = x5, Vi,r € V.

4.3.1 General smooth non-convex functions

In this subsection, we are concerned with the convergence of GT-DSGD for general smooth non-convex func-

tions.

Theorem 4.3.1. Let Assumptions 4.2.1, }.2.2, and 4.2.3 hold and consider GT-DSGD under a constant

step-size ay, = o, Vk > 0, such that 0 < o < min {17 11’212, (i\_/’é\i); }i, then, VK > 1,

n

K—-1 — 2
1 1 Szl AF(Re) — F*)  2ar2L  44802L2\%02  64a2L2)\* ||Vi||
2% kZOE[HVFw)H | < + = : -

aK n + (1 —=2A2)3 (I1-X)BK n
Centralized minibatch SGD

=1

Mean-squared stationary gap Decentralized network effect

Further, 13" | & 2(:—01 E[IVF(x)|1?] decays at the rate of O(4) up to a steady-state error such that

n K-1

1 1 — P2 2002 L 44802 L2 \2)?
s S LE[vFel] s T2 T

Centralized minibatch SGD  pecentralized network effect

Theorem 4.3.1 is proved in Section 4.5.1.

Remark 4.3.1 (Transient and steady-state performance). Theorem 4.3.1 explicitly characterizes the
non-asymptotic performance of GT-DSGD for general smooth non-convex functions with an appropriate con-
stant step-size. In particular, the stationary gap of GT-DSGD for any finite number of iterations K is bounded
by the sum of four terms. The first two terms are independent of the network spectral gap 1 — A and match
the complexity of the centralized minibatch SGD up to constant factors [7]. The third and the fourth terms

depend on 1 — X reflecting the decentralized network and are in the order of O(a?). This is a much tighter
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characterization compared with the existing results [126,150] on GT-DSGD and leads to provably faster non-
asymptotic rate, see Remark 4.3.2 below. Theorem 4.3.1 also shows that as K — oo, the stationary gap

of GT-DSGD decays sublinearly at the rate of O(1/K) up to a steady-state error. It can be observed that

3
ifa= (’)( (;r’b\z ), then the steady state stationary gap of GT-DSGD matches that of the centralized minibatch
SGD up to constant factors. The existing analysis [126], however, suggests that under the same choice of the

step-size «, the steady state stationary gap of GT-DSGD is strictly worse than the centralized minibatch SGD.

The following corollary of Theorem 4.3.1 is concerned with the non-asymptotic convergence rate of GT-DSGD over

a finite time horizon for general smooth non-convex functions.

Corollary 4.3.1. Let Assumptions 4.2.1, 4.2.2, and 4.2.3 hold and suppose that HVfoH2 =0O(n). Set-
ting o = \/n/K in Theorem 4.5.1, for K > 4nL? max {1, %, Q%T)‘l}’ we obtain:

n K—-1 2
1 ) —F*) 2L 448nA202L2 GALAM |V
; ? k=0 : |:HVF H :| v " \ + (1 - )\Z)SK * (1 - )‘2)3[(2

Centralized minibatch SGD Decentralized network effect

S|

Thus, if K further satisfies that K > K. := O ( d)‘4) ) then we have

LS LS e [vreff] <o (L),

i=1 " k=0
Remark 4.3.2 (Non-asymptotic mean-squared rate and transient time for network indepen-
dence). Corollary 4.3.1 shows that if the number of iterations is large enough, i.e., K > K,, by setting
o= %, the non-asymptotic rate of GT-DSGD matches that of the centralized minibatch SGD up to factors of
universal constants. This discussion shows that, in the regime that K > K., GT-DSGD achieves a network-
independent linear speedup compared with the centralized minibatch SGD that processes all data at a single
node. In other words, the number of stochastic gradient computations required to achieve an approximate
stationary point is reduced by a factor of 1/n at each node in the network. These results significantly
improve the existing convergence guarantees of GT-DSGD for general smooth non-convex functions [126,150].

In particular, references [126,150] show that if o = C\/—O», where K is large enough and ¢y is some positive

constant,

= where c¢; is a function of the network spectral
gap (1 — A). The convergence results in [126,150] thus suggest that the rate of GT-DSGD is always network-
dependent and is strictly worse than that of the centralized minibatch SGD and hence fail to characterize the

network-independent performance of GT-DSGD.

Remark 4.3.3 (Comparison with DSGD). We observe from Corollary 4.3.1 that the convergence of

GT-DSGD is robust to the difference between the local and the global functions. In other words, GT-DSGD
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outperforms DSGD when data distributions across the nodes are significantly heterogeneous, since the con-
vergence rate of the latter explicitly depends on a factor that measures the heterogeneity between the local
and the global functions [2]. However, the transient time for GT-DSGD to achieve network independent per-
formance has a network dependence of O((1—\)~%) which is worse than that of DSGD where the dependence
is O((1 — A)~%). Moreover, we note that GT-DSGD requires two consecutive rounds of communication per

node per iteration to update the state and the gradient tracker variables respectively, compared to DSGD.

4.3.2 Smooth non-convex functions under PL condition

In this subsection, we discuss the performance of GT-DSGD when the global objective function F' further

satisfies the PL condition. We begin with the case of constant step-size.

Theorem 4.3.2. Let Assumption /.2.1, }.2.2, 4.2.3 and 4.2.4 hold. If the step-size ay, = o, Vk > 0, satisfies

_ ,{1 (1—)\2)2 1—X2 1—)\2}
0 < a<a:=min )

2L 42X2L ' 24ALk'/4Y 2

then B[||xy, — Ixx||’] and B[F(Xx) — F*] decay linearly at O((1 — pa)*) up to a steady-state error such that

limsup E

k—o0

e = Jxu]*] _ 288X*0P Limw | 144320202
n ~ n(l-—A%2)4 (1-A2)3"7
3akv?  T2X2a’kLv?

li E[F(%X) — F*] < a
i sup [F(Xk) < —~ 1= 2)

Moreover, L 3" | E [F(x}) — F*] decays linearly at O((1 — pa)¥) up to a steady-state error such that

n

) 1 & i . akv? N a2k Lv?

—_——— ~—_———
Centralized minibatch SGD  Decentralized network effect

Theorem 4.3.2 is proved in Section 4.5.2.1. Here we highlight some key features in the following remarks.

Remark 4.3.4 (Transient and steady-state performance). Theorem 4.3.2 shows that when the global
objective function F' satisfies the PL condition and the constant step-size « is less than @, the optimality
gap of GT-DSGD decays linearly up to a steady-state error that is the sum of two terms. The first term is
independent of the network and matches that of the centralized minibatch SGD up to constant factors, while
the second term is due to the network and is controlled by O(a?). In contrast to [67], which requires a
stronger assumption that the global objective function is strongly convex, we note that our stability range
of the step-size « is larger by a factor of O(k°/12); this relaxed upper bound on « further leads to a faster
linear convergence when exact gradients are available, see Remark 4.3.5. Next, it can be verified from

Theorem 4.3.2 that to match the steady-state error performance of the centralized minibatch SGD (up to

(1=))°

constant factors), it suffices to choose the step-size « in GT-DSGD such that a = (’)( SXT

), which is larger
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by a factor of O(x) than the corresponding result in [67]; in other words, Theorem 4.3.2 demonstrates a

tighter and faster convergence rate to achieve the same steady-state error.

Remark 4.3.5 (Global linear convergence under exact gradient oracle). Theorem 4.3.2 further
shows that when the exact gradient oracle is available at each node, i.e., 2 = 0,Vi € V, GT-DSGD reduces to
its deterministic counterpart [54,56,65] and achieves global linear convergence to an optimal solution with
an appropriate constant step-size. In other words, when o = @, it achieves an g-accurate optimal solution

Ak R34 1
(1=X)27 1—X 2 1—-X

in O(max {n, }log %) iterations. This result improves upon the state-of-the-art gradi-
ent computation and communication complexity under the PL condition [143]. The gradient computation
complexity can be further improved to O(nlog %) by performing O(ﬁ log ﬁ) rounds of consensus com-
munication at each iteration. This gradient computation complexity result matches the state-of-the-art [69]
on decentralized exact gradient methods (without Nesterov acceleration), which further requires a stronger
assumption that each local function is convex and the global function is strongly convex. In contrast, we

only require the PL condition on the global objective F'.

We now proceed to the case of decaying step-sizes. The next result shows the sample path-wise perfor-
mance of GT-DSGD under a family of stochastic approximation step-sizes [154], i.e., oy > 0, ZEOZO Q= 00,
and Y ;2 , @2 < oo, which enables the exact sublinear convergence in contrast to the inexact linear conver-

gence under a constant step-size.

Theorem 4.3.3. Let Assumptions 4.2.1, 4.2.2, 4.2.3, and 4.2.4 hold. Consider the step-size sequence {ay}

such that oy = §(k + ©)~¢,Vk > 0, where e € (0.5,1], § > 1/u, and ¢ > max{(é/@)l/f, 1_4/\2} for @ given

in Theorem 4.3.2. Then ¥i,j € V and for arbitrarily small e, > 0, we have:
P
k=0

P( Jim K2 (F(x)) — F*) =0) = 1.

k—o0

Theorem 4.3.3 is proved in Section 4.5.2.2.

Remark 4.3.6 (Global sublinear rate on almost every sample path). Theorem 4.3.3 guarantees that
GT-DSGD exhibits a global sublinear convergence on almost every sample path, under decaying step-sizes,
when the global function F satisfies the PL condition. This result is of significant practical value in that it is
applicable to every instantiation of the algorithm while the expectation type convergence only characterizes,
roughly speaking, the performance on average. Furthermore, in the case of general non-degenerate variances
(see Assumption 4.2.3), these path-wise rates are order-optimal, in the sense of polynomial time decay;

this follows by considering the stochastic approximation reformulation of the optimization problem (i.e.,
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the problem of obtaining zeros of the gradient function VF(x)) and invoking standard central limit type
arguments, see [154].) To the best of our knowledge, Theorem 4.3.3 is the first to show path-wise convergence
for online decentralized stochastic optimization under non-convexity, thus generalizing prior results in the
decentralized stochastic approximation and optimization literature, such as [151], where such analysis is

performed under assumptions of local convexity.
Finally, we consider the convergence rate of GT-DSGD in expectation when ay = O(1/k),Vk > 0.

Theorem 4.3.4. Let Assumptions 4.2.1, 4.2.2, 4.2.3, and 4.2.4 hold. Consider the step-size sequence {ay}
such that a, = B(k +v)7L,Vk >0, where 3 > 2/u, and v > max {%, ﬁ} for @ given in Theorem 4.5.2.
We have: Yk > 0,

1 ; 2Lv2 32 2(F(Xo) — F* 312733

S E[F(x)-F] < Vol 2 = P LA

n n(uf —1)(k+7) (k/v+ 1" n(uB —2)(k+7)
Centralized minibatch SGD Decentralized network effect

where T is a positive constant given in (4.63).

The non-asymptotic rate in Theorem 4.3.4 shows that GT-DSGD asymptotically achieves network inde-
pendent O(1/k) rate in mean when the global objective function F' satisfies the PL condition, matching
the Q(1/k) oracle lower bound [7]. The following corollary examines the number of transient iterations

required to achieve network-independence under specific choices of parameter S and ~ in Theorem 4.3.4.

Corollary 4.3.2. Let Assumptions 4.2.1, 4.2.2, 4.2.3, and 4.2./ hold. Set 8 = 6/u and v = max {}%, ﬁ}
in Theorem, 4.3.) and suppose that |Vf|*> = O(n). Then we have:

- K2 (F(Xg) — F* K2
ZE[F(X;’C)F*}O( (F( 0) F)+ a)’

1
n k2 nuk

if k is large enough such that k 2 Kpy,, where

[ A2nk N kD4 o \3/211/8 N K12 N Nnw!/2L(F(Xo) — F*)
Y I R S N R N E P GRS VETE (1—N22

a

Theorem 4.3.4 and Corollary 4.3.2 are proved in Section 4.5.2.3.

Remark 4.3.7 (Transient time for network independent rate). Corollary 4.3.2 shows after Kpr,
iterations, the convergence rate of GT-DSGD matches that of the centralized minibatch SGD [7] up to constant
factors and therefore achieves an asymptotic linear speedup. We now compare this transient time with the
existing literature. First, Ref. [67] shows that, under the strong convexity of F', GT-DSGD asymptotically
converges at O(1/k); however, the convergence rate derived in [67] depends on arbitrary constants and

therefore the transient time is not clear. Second, recent work [116] shows that when each local function f; is
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Table 4.1: A summary of the datasets used in numerical experiments, available at https://www.openml.org/.

Dataset train | dimension | classes
a9a 48,832 124 2
w8a 60,000 301 2
creditcard 100,000 30 2
Fashion-MNIST | 60,000 785 10
CIFAR-10 50,000 3073 10
STL-10 5,000 27649 10

strongly convex, the corresponding transient time of DSGD is (’)(n/f6(1 — /\)_2). Our results on the transient
time Kpj therefore significantly improve upon the dependence of the condition number x under weaker

assumptions on the objective functions, while being moderately worse in terms of the network dependence.

4.4 Numerical Experiments

In this section, we present numerical experiments to demonstrate the main theoretical results in Section 4.3
with the help of learning problems on real-world datasets, summarized in Table 4.1, and minimizing certain
synthetic functions to illustrate the PL condition. We consider three different graph topologies, i.e., a directed
exponential graph with 16 nodes, an undirected grid graph with 16 nodes, and an undirected geometric graph
with 100 nodes; see Fig. 4.1. The primitive doubly stochastic weights are set to be equal for the exponential
graph and are generated by the Metroplis rule [27] for the grid and the geometric graphs. The second largest
singular values A associated with the weight matrices of these graphs are 0.6,0.93 and 0.99, respectively.
Towards the stochastic gradient oracle, we consider two different setups: (i) each node has access to a finite
collection of data samples and the stochastic gradient is computed with respect to one randomly selected
data sample at each iteration; (ii) each node has access to the gradient of its local function subject to random
noise, with zero-mean and bounded variance, at each iteration. The performance metric of interest is the
average of global function values across the nodes % S, F(x}), which we refer to as loss, versus the number
of epochs® in (i) and the number of iterations in (ii). We manually optimize the parameters of all algorithms
across all experiments to achieve their best performances.

To study the convergence behavior of GT-DSGD, we conduct three different experiments: binary classifica-
tion with non-convex logistic regression [137], multiclass classification with neural networks, and minimizing
synthetic non-convex functions that satisfy the global PL condition. We compare the performance of GT-DSGD

with DSGD [2] to illustrate the advantages of the former in the setting of heterogeneous data distributions

3Each epoch is one effective pass of local data samples at each node.
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Figure 4.1: A directed exponential graph with 16 nodes, an undirected grid graph with 16 nodes, and an
undirected geometric graph with 100 nodes.

across the nodes; moreover, we use the centralized minibatch SGD as the benchmark to illustrate the scenarios
in which GT-DSGD achieves a network-independent performance. The experimental results are described in
the next subsections. It can be verified that the numerical results of GT-DSGD are consistent with the theory

in this chapter.

4.4.1 Non-convex logistic regression for binary classification

We first consider a binary classification problem with the help of a non-convex logistic regression model [137].

Specifically, the decentralized optimization problem of interest is given by minyege F'(x) := % Yo fi(x) +
r(x), such that

1 & (xT 0. Ve ", R[x|?

fi(x) = EZIOg {1 +e ¢ 9”)6”} ,r(x) = Z _Rix]g_

2
j=1 d 11+[X]d

where 0; ; is the feature vector, &; ; is the corresponding binary label, and 7(x) is a non-convex regularizer
with R = 1074,

We compare the performance of GT-DSGD over the directed exponential and the grid graphs, both with 16
nodes, to the centralized SGD with a minibatch size of 16. We consider the best possible constant step-size for
both algorithms. The numerical results over the a9a, w8a, and creditcard datasets are shown in Fig. 4.2. It
can be observed that, across all datasets, the convergence behavior of GT-DSGD matches that of the centralized
minibatch SGD and is independent of the underlying graph topology, as long as the total number of iterations
is large enough. This observation is consistent with Corollary 4.3.1, demonstrating the network-independent

convergence of GT-DSGD under an appropriate constant step-size for general smooth non-convex functions.

4.4.2 Neural network for multiclass classification

We next compare the performance of DSGD (without gradient tracking) and GT-DSGD, both with a constant
step-size, when the data distributions across the nodes are significantly heterogeneous. To this aim, we

consider a harsh problem setup where the data samples are distributed over the 100-node geometric graph
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in Fig. 4.1 such that each node has the same number of data samples and the samples belong to only one or
two classes (out of 10 possible classes). We consider decentralized training of a neural network with one fully
connected hidden layer of 64 neurons and sigmoid activation. The experimental results over the Fashion-
MNIST, CIFAR-10, and STL-10 datasets are shown in Fig. 4.3. We observe that GT-DSGD significantly
outperforms DSGD in this setting, demonstrating the robustness of GT-DSGD to heterogeneous data across the

nodes; see also Remark 4.3.3.

4.4.3 Synthetic functions that satisfy the global PL condition

Finally, we show the performance of GT-DSGD when the global function satisfies the PL condition and
compare it with DSGD and the centralized minibatch SGD. In particular, each local function is chosen
as fi(z) = x? + 3sin?(x) + a;x cos(x), such that i, a; =0 and a; # 0,Vi € V, leading to the global
function F(x) = 22 + 3sin?(z), which is clearly non-convex and further satisfies the PL condition [147]. It
can be verified that each local function is highly nonlinear and significantly different from the global func-
tion; see Fig. 4.4. We inject random Gaussian noise with mean 0 and the standard deviation 0.5 to the
gradient computation at each node. The corresponding numerical results can be found in Fig. 4.5, where
the experiments in the first three plots of Fig. 4.5 are performed over the directed exponential graph with 16
nodes. It can be observed from the first plot of Fig. 4.5 that GT-DSGD achieves inexact linear convergence
under constant step-sizes; moreover, a smaller step-size leads to a smaller steady-state error but at a slower
rate. Compared with the convergence of DSGD under constant step-sizes shown in the second plot of Fig. 4.5,
GT-DSGD achieves a smaller steady-state error much faster benefiting from gradient tracking that effectively
exploits the global geometry. The third plot of Fig. 4.5 shows that GT-DSGD achieves exact sublinear conver-
gence to the optimal solution with decaying step-sizes of the form ay, = (k + 3)~" under different values of 7
chosen in (0.5,1]. Clearly, a larger 7 leads to a faster rate as Theorem 4.3.3 suggests. Finally, we observe
from the last plot of Fig. 4.5 that the convergence rate of GT-DSGD with 7 = 1 matches that of the centralized
minibatch SGD with the same decaying step-size after a small number of transient iterations over different
graphs. This phenomenon demonstrates the asymptotically network-independent and optimal O(1/k) rate

achieved by GT-DSGD. This observation is consistent with Theorem 4.3.4.

4.5 Convergence analysis

4.5.1 The general non-convex case

It is straightforward to verify that the random variables generated by GT-DSGD are square-integrable and that

Xk, Yk are Fr-measurable and g(xg, &) is Fiy1-measurable, Vk. In this section, we derive general bounds
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Figure 4.2: The performance of GT-DSGD for non-convex logistic regression over different graphs and com-
parison with the centralized minibatch SGD on the a9a, w8a and creditcard datasets.
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Figure 4.3: Performance comparison between GT-DSGD and DSGD for one-hidden-layer neural network under
heterogeneous data distributions across the nodes on the Fashion-MNIST, CIFAR-10 and STL-10 datasets.
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Figure 4.4: The global and local geometries in the experiment with synthetic functions that satisfy the global
PL condition.
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GT-DSGD: constant step-sizes DSGD: constant step-sizes GT-DSGD: decaying step-sizes
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Figure 4.5: Convergence of GT-DSGD and DSGD under the global PL condition: Inexact linear convergence
with different constant step-sizes «, exact sublinear convergence of GT-DSGD with decaying step-sizes oy =
(k 4+ 3)~" under different values of 7, exact sublinear convergence of GT-DSGD over different graphs in
comparison with the centralized minibatch SGD with the decaying step-size ay = (k + 3)~!.

on the stochastic gradient tracking process, which may be of independent interest, and prove Theorem 4.3.1.
We start by presenting some standard results on decentralized stochastic gradient tracking algorithms; their

proofs can be found, e.g., in [24,56,67].
Lemma 4.5.1. Under Assumption 4.2.1-4.2.3, We have the following:
(a) [Wx —Jx|| < A[x = Jx|[,vx € R"™.
(b) Vi1 =8, Yk > 0.
(¢) |V — VEE)||” < £ |Jxp — Ixi||*, VE > 0.
(d) E[(gi(xi,&L) — Vfi(xL), g (X5, £5) — V fr(x0) | Fr] =0, Vk > 0,Vi,r € V such that i # r.
(e) Elllgy — VEL|[?|F] < v2/n,VEk > 0.
As a consequence of the state update of GT-DSGD described in (4.2b) and Lemma 4.5.1(b), we have: Vk > 0,
Xpt1 = X — WYy = Xk — k8 (4.3)

i.e., the mean state X, of the network proceeds in the direction of the average of local stochastic gradients gj,.
The following lemma provides several useful relations on the consensus process of the state vectors across

the network [24].
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Lemma 4.5.2. Let Assumption 4.2.2 hold. We have the following inequalities: Vk > 0,

14+ )2 202 \2
41 — Ixpp]” < 5 2

Ik = T |+ 77555 [y = Iyl
k11 = Ixppal* < 20° [xcp — Ixi[|* + 20227 |y — Tynga ||

[xns1 — Ixpa || < Mlxe = Ixg ) ® + oed |yert — Tyesll-

4.5.1.1 A descent inequality

In this subsection, we establish a key descent inequality that characterizes the expected decrease of the value

of the global objective function F' over each iteration in light of (4.3).

Lemma 4.5.3. Let Assumptions 4.2.1-4.2.8 hold. If 0 < o < then we have: Vk > 0,

5%
arl? |xx — Ixi||?  a2Lu?
B [F(Re )] < P — (VPG| — 2 [ 2 e = el el
Proof. Since F is L-smooth, we have [5]: Vx,y € R?,
L 2
Fy) < F(x) +{VE(x),y —x) + S lly —x|". (4.4)
Setting y = Xx+1 and x = X, in (4.4) to obtain: Vk > 0,
- - =\ = apL. o
F(Xp+1) < F(Xi) = o (VE(Xi) 8r) + —o~ I8
Conditioning on Fy, by E[g,|Fi] = Vfi, obtains: Yk > 0,
_ _ —\ =F opL 1 2
E[F(%41)|F) < F(Re) = <VF(Xk)ank> +2E [ngkn 1]
= F(Xy) — — HVF(Xk)| - HkaH + 2k ||VF(Xk) V) + & 2 oLy [Hng |fk]

o 2
< F(Xk) — *HVF(ikW - *HkaHZ + Ix|® + —E2E | gell” 17 . (4.5)
2 2 >

where the equality above uses (x,y) = % (|[x[|> + |ly||* = [[x — y[|?), Vx,y € R?, and the last inequality is due

to Lemma 4.5.1(c). For the last term in (4.5), note that: Vk > 0,
— 2 — o 5 2 — E—rd 2 E—=rd 2 2 =7 2
E ligill® 17| = E [[lgx = VEx + VE|* 17| =B [[[g0 — VEll* 17 + I9Fall® < v2/n+ | VB[, (46)
where the second equality uses that Vf}, is Fx-measurable and E[g,|Fx] = Vfx, and the last inequality uses

Lemma 4.5.1(e). We now use (4.6) in (4.5) to obtain: Yk > 0,

2 2
_ _ Qy, _ oiLvy  ap(l—arl) == oy
BIF (%)) < F(%) — S 0F () |2 + e - el ol g, oy

JX}CHQ.

The proof follows by noting that 1 — ai L Z ,if0 <o < 2L, Vk > 0, in the inequality above. O
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Compared with the corresponding descent inequality for the centralized stochastic gradient descent, see,
e.g., [5,7], the descent inequality for GT-DSGD derived in Lemma 4.5.3 has an additional network consensus
error term ||x; — Jxg||. We therefore seeks for means to control this perturbation in order to establish the

convergence of GT-DSGD. We will bound the consensus and the gradient tracking error jointly.

4.5.1.2 Bounding the gradient tracking error

In this subsection, we analyze the gradient tracking process.

Lemma 4.5.4. Let Assumption 4.2.1-4.2.3 hold. We have: Yk > 0,

E[lykse — Ivisal®] < NE[lyksr — Ivisa]® ] + AE[ |lgrrer — gl ]
+2E [(W = J) yry1, (W = J) (V. — gr))]

+2E (W = J) yiy1, (W = J) (Vi1 — ViR))]

Proof. Using the gradient tracking update (4.2a), and the fact that WJ = JW = J, we have: Vk > 0,

[Yis2 — Tyl
= W (Yes1 + 8rs1 — 86) = I (Ver1 + gra1 — 80)II°
= [[Wyri1 = Jyks + (W =) (gri1 — o)1
= [Wyk1 = Jyraall” + 11(W = J) (81 — g)I* +2(W = D) yir1, (W —J) (8kr1 — 1))

<N lyrgr — Iyra P + A% lgrrr — g6l +2((W = 3) yre1, (W = J) (81 — 1)), (4.7)
Cy

where the last inequality is due to Lemma 4.5.1(a). Towards C1, since yx11 and gi are Fji1-measurable,

we have: Vk > 0,

E[C1]|Frg1] = (W = I) yrs1, (W = J) (Vi1 — 8r))

= (W = J) yis1, (W = J) (VI — g)) + (W = J) yii1, (W = J) (VEip1 — VE)) . (4.8)
The proof then follows by taking the expectation on (4.7) and using (4.8) in the resulting inequality. O
Next, we bound the terms in Lemma 4.5.4. For the second term in Lemma 4.5.4, we have the following.

Lemma 4.5.5. Let Assumption 4.2.1-4.2.3 hold. We have: Yk > 0,

E[llgrr1 —gel®] < 18L°E[ xe — Ixi|* ] + 6nai LE[ gl ]

+ 1202 L2 NE ] |yii1 — Ty [P ] + 3002,
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Proof. Since both Vfi; and gy are Fj41-measurable and E[gy11|Fr+1] = VEk11, we have: VEk > 0,

E[llgr+1 — gxl*] = E[lgrtt — Vil ] + E[ [ VEr1 — gill” ]

IA

w2 + E[|| Vi1 — gel|”]

IN

nw? + 2B [ ||VEe1 — VE|* ] + 2E[ | VE — gl ]

IN

302 + 2L E[ || xpr1 — xk|%] (4.9)

Cs

where the first inequality uses Assumption 4.2.3 and the last inequality uses Assumption 4.2.3 and the L-

smoothness of each f;. Towards Csy, we have: Vk > 0,

Cy = E[ ||X}€+1 — Ixp+1 +Ixpp1 — Ixp + Ixg — Xk||2]
< BE[ |[xkr1 — Ixiia® ] + 3nofE[ |Igyl* ] + 3E[ [lxx — Ix*]
< 9 Ik — Txell?] + 3naZE[ g 2] + 602 %E  lykes — Tyica ], (4.10)

where the second inequality uses (4.3) and the last inequality uses Lemma 4.5.2. The proof follows by

using (4.10) in (4.9). O
For the third term in Lemma 4.5.4, we have the following.

Lemma 4.5.6. Let Assumption 4.2.1-4.2.3 hold. We have: Yk > 0,

E[(W = J)yr+1, (W = J) (Vi —gi))] < v7.

a

Proof. Using the fact that J(W — J) = O,,,, and the gradient tracking update (4.2a), we have: Vk > 0,

EL(W = J) yrs1, (W = J) (VE — gi)) [F5]
[(Wyks1, (W = J) (Ve — gr)) | Fi]

(W? (yr + 8k — 8k—1), (W = J) (Vi — 8)) | k]
Wgy, (W —J) (VE, — gx)) | Fx]

W2 (i, — Vi), (W = J) (Vi — gx)) | Fi]

— o o
—~ o~ o~

gr— VE) (I - WTW?) (g, — V) |Fi] , (4.11)

where the third and the fourth equality exploit the fact that the random vectors yx, gr—1 and V{j are Fj-
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measurable and that E[gy|Fi] = VE;. In light of Lemma 4.5.1(d), (4.11) reduces to

EL((W =) yrr1, (W = J) (Vi — &) | ]

(g — Vi) diag(J — W W?2) (g, — V£ |Fi]

E|
< E [(gr — VHr) " diag(J) (gr — V) | 7] ,
E|

gk — VE[I*|F] /n (4.12)

where the inequality holds since diag(W T W?2) is nonnegative. The proof follows by using Assumption 4.2.3

in (4.12) and taking the expectation on the resulting inequality. O
For the last term in Lemma 4.5.4, we have the following.

Lemma 4.5.7. Let Assumption 4.2.1-4.2.3 hold. We have: Yk > 0,

(W = 3) yir1, (W = J) (Vi1 — VE)) < AL + 05010 + 02)X? |yers — Iyes |

11 PAPL i — I+ 0.5 NP aR L g,
where N1 and ny are arbitrary positive constants®.
Proof. Using (W — J)J = O,,;, and the Cauchy-Schwarz inequality, we have: Yk > 0,

(W =3)yrt1, (W =J) (Vi1 — Vi)

(W =) (Ye+1 = Iyit1), (W = ) (VE1 — VEy))

IN

NL|yr+1 — Jyeea | 1xes1 — xxl (4.13)

where the last inequality uses ||[W — J|| = A and the L-smoothness of each f;. We note that, Vk > 0,

l[Xk+1 — Xk ||

||Xk+1 — JXk+1 + Jka —Jxp +Jx, — Xk”

IN

1Xpk41 = Ixpqa || + e v/n gl + [Ixk — Ix|

IN

2 ||xx — Ixpl| + axvn l|grll + ) lyesr — Jyrrill - (4.14)

where the last inequality uses Lemma 4.5.2. We use (4.14) in (4.13) to obtain: Vk > 0,

(W = 3)yii1, (W =) (Vi1 — VE)) < XapLllyrers — Iyera)® + A yess — Iyeeal]) (AarLyv/n|gll)

C3

+ 2 ykt1 = Iyt DAL [[xe — Ix]]) - (4.15)
Cy

4We note that m and nz will be fixed later.
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By Young’s inequality, we have that
Cs < 0.5mA? ||yxs1 — Jyriall® + 050 ' Naf Lon g, |,
where 17 > 0 is arbitrary, and that,
Ca <N lyker — Iy | +my A L? [lxe — Ixi
where 72 > 0 is arbitrary. The proof follows by Using the bounds on C3 and Cjy in (4.15). O

With the help of auxiliary Lemmas 4.5.5-4.5.7, we now prove an upper bound on the gradient tracking error.

Lemma 4.5.8. Let Assumption .2.1-4.2.8 hold. If0 < oy, < L then we have: Yk > 0,

24)\L’
Iyire = Iyeral®] _ L+ A2 [ yeer = Iyweal” 2402 [k — Ixi|)?
E < E E
nL? -2 nL? + 1— X2 n
6 2o}

2
61/a

+ T2

SE[VE]"] +
Proof. We apply Lemma 4.5.5, 4.5.6 and 4.5.7 to Lemma 4.5.4 to obtain: Vk > 0,Vn; > 0,Vny > 0,

El|yete — Iyieel®] € A2+ 120203 L% + 20 L + 1 + 202)E[ [y — Tyira P ] + (3A2n + 2)02

+ (18 + 205 ) NLPE[ [|xp — Ixi|?] + (6 + 07 ) N2aZL*nE[ g, ]1°].  (4.16)

We set mp = % and 7o = % in (4.16). It is straightforward to verify that if 0 < ag < 24k2L,Vk >0,
then we have:
2 2 272 1+ N
N(1+ 12007 L + 2hap L+ + 20p) < ——. (4.17)
Moreover, recall from (4.6) that
E[l[gell’] < E[IVE]?] + vz /n. (4.18)
Using (4.17), (4.18), m = 1(;\)52 and 7y = % in (4.16), we have: if 0 < oy, < 24)\2L, then
1+ A2 6X2a; L?
E[llyite — Jyrsal?] < 5 E[llyit1 — Jyns|?] + (1_Ij\2 +5n ) 2
24\ 2 91 6N2QZL*n_ . ——
+ ﬁE[HXk — Ixi|]?] + WE[HV&H ]
The proof follows by 6)‘1 O‘/’\‘Q <1if0< i < ;&L,Vk O

4.5.1.3 LTI dynamics

In this subsection, we establish the convergence rate of GT-DSGD for general smooth non-convex functions
under an appropriate constant step-size such that ap = «,Vk > 0. To this end, we now jointly write
Lemma 4.5.2 and 4.5.8 in the following linear-time-invariant system that characterizes the convergence of

consensus and gradient tracking process.
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Proposition 4.5.1. Let Assumption 4.2.1-4.2.3 hold. If 0 < o < % 24AL , then we have the following (entry-
wise) matriz-vector inequality hold: Yk > 0,

Uiy < Guy + by, (419)

where the state vector uy € R2, the system matriz G € R?>*2 and the input vector by € R? are given by

g | Xk~ Ixi | 1422 202)2L2
n 2 1— A2 b 0
Ui = y = ’ k= )\2 2
Iy ks — Iyie | 24N 14N R [ 9E ] +
£ W2 1 ) - L2

In light of Proposition 4.5.1, we solve the range of « such that p(G) < 1, using the next lemma from [36].

Lemma 4.5.9. Let X € R¥™? be a non-negative matriz and x € R? be a positive vector. If Xx < X,

then p(X) < 1. Moreover, if Xx < zx, for some z > 0, then p(X) < z.

Lemma 4.5.10. If0 < o < min 12_4))‘\ , 115’}\22 Z}L, then p(G) < 1 and hence > 1o  GF = (I, — G)~1.

Proof. In the light of Lemma 4.5.9, we solve the range of & and a positive vector s = [s1, s3] " such that Gs <

s, which is equivalent to the following two inequalities:

1+ /\2 20[2)\2L2 (1 _ )\2)2 $1

S1 So < 81 a2

2 1-— )\2 — 4)\2L2 S9
242 1+ A2 s1 (1—A2)2
17/\281-1— 5 So < 89 £<748>\2

We set s1/s2 = (1 — A?)2/(50)\2) and the proof follows by using it to solve for the range of « such that the

first inequality above holds. O

Now, we prove an upper bound on the accumulated consensus errors along the algorithm path as follows.

Lemma 4.5.11. Let Assumption 4.2.1-4.2.83 hold. If 0 < o < min 1241‘\2, (;\[/\22 }%, then we have:

4472 K-1 214 2122
ZE[ X — Jxk\l } 960\ L E [||Wk||2} N 16020 ||V |°  11202A\202K

(1 —X2)4 prs (I1=X2)3 n (1—-X2)3
Proof. We recursively apply (4.19) to obtain: Vk > 1,
k—1
w, < GPug + > G'byoy . (4.20)
t=0
Summing up (4.20) over k from 1 to K, we obtain: VK > 1,
K k-1
Zuk < ZGkuo+ZZG bp_1-¢
k=1t=0
< (z & Ju+ (L) Sm
K—1
=I—-G)lug+ (I, —G)™" ) by (4.21)

k=0
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In light of (4.21), we next compute an (entry-wise) upper bound on (I — G)~! as follows. We note that

(A)
8v6A2L

fo<a<

(1-A%)?  48a2X'L? _ (1-)%)?

_ — _ >
det(I — G) : T-woF 2 3

Using the lower bound on det(I — G) above, we have that

4 16022 L2
_ (I, - G)* 1— X2 (1—=2A2)3
_ == < .
(I - ) det(I, - G) — | 1922 4 (422)
(1—-2A2%)3 1— )2
We use (4.22) in (4.21) with [|x¢g — Jxg|| = 0 to obtain: VK > 1,
K 2 K—1
|xp — Jxk|| 16?2% _[ly1 — Iyl 9604\t L2 == 2] 96a2\%ViK
E \Y%4 —.  (4.23
Z% { (1 —\2)3 n + (1—2)4 par [H al } + (1= A2)3 (4.23)
Finally, we use the gradient tracking update (4.2a) to obtain:
E[[ly: — Iy ]
= E[E[ (W - T)go|* ]| Fo]
= E[ (W —J)(go — VE)|* ] +E[|[(W - 3)V£y|*]
< N + N2 ||V |12, (4.24)

where the second equality uses E[go|Fo] = Vi and that Vi is constant and the last inequality uses |[W —

J|I = A. The proof follows by using (4.24) in (4.23). O

Lemma 4.5.11 states that the accumulated consensus error may be bounded by the accumulated average of
local exact gradients and the accumulated variance of stochastic gradients. We next show that this bound

leads to the convergence of GT-DSGD for general smooth non-convex functions, i.e., Theorem 4.3.1.

Proof of Theorem 4.53.1. We take the expectation of the descent inequality in Lemma 4.5.3 and sum up the
resulting inequality over k from 0 to K — 1, VK > 1, to obtain: if 0 < a < i,

K-1

E[F(%x)] < E[F(%,)] - & Z E[IVF@)I] - S > E[IVE)] +
k=0 k=0

a?V2LK
2n

L2 T xe — Ixi)?
_— El—|. 4.25
M kZ:O { n ] (4.25)

Rearranging (4.25) and using that F is bounded below by F* obtains: if 0 < a < 5, VK > 1,

K-1

« n 2 n

B [jvr 7] < 20EI= ) | 0l AN g ] 4 g Y m[ eIl
k=0 k=0 k=0
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Moreover, we observe: VK > 1,

DLy
n <
=1 k=0
2 = i o, o
Kl 2 K—1
= ]E[”Xk e ] +2 E {HVF i) || ]
k=0 k=0

where the last inequality uses the L-smoothness of F'. Using (4.26) in the inequality above obtains: VK > 1,

n K-1 =\ _ I* 2
%Z E [ ‘VF(X}C)HQ} < 4(F(x00)[ F*) . 2on(;LLK
1=1 k=0
K—-1 5 K-1 ||X —Jx ||2
- R[] a2 Y ]E{knk] (1.27)
k=0 k=0

We finally apply the upper bound derived in Lemma 4.5.11 on the term of (4.27) to obtain: If 0 < a <

1 1-22 (1- /\“}
L?

mln{Q’ 24\ gf)ﬂ

ié;ﬂw ]

- P 2 27242,,2 27214
4(F(Xo) — F*) 2auaLK 4480 LN K ( 384a L A ) Z E [ |kaH } 6402 L%\ ||VfOH .

<
- ! n (1 —=A2)3 (1=X)3 n

Clearly, if 0 < a < 15 L)S\ , then 1 — % > 0, and the proof follows by dropping the negative term. [

4.5.2 The PL case
4.5.2.1 Linear convergence up to steady state error with constant step-sizes

In this section, we, built on top of the results established in Section 4.5.1, develop general bounds on the
iterates of GT-DSGD when the global function F' further satisfies the PL condition and prove Theorem 4.3.2.

The following is a useful inequality that may be found in [5].
Lemma 4.5.12. Let Assumption 4.2.1 hold. We have: Vx € RP.
IVF()|* < 2L (F(x) - F*).

Proof. By (4.4) and the fact that F is bounded below by F*, we have F* < F (x — L™'VF(x)) < F(x) —

2 |[VE(x)||?, which yields the desired inequality. O

We conclude from Lemma 4.5.12 that, under Assumption 4.2.1 and 4.2.4, p < L and recall x := % > 1. The

following lemma is helpful in establishing the performance of GT-DSGD at each node.
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Lemma 4.5.13. Let Assumption 4.2.1 hold. We have

. <. — I ]|
72 ) < 2(F (X )_F)JFLT'
Proof. Setting y = xi and x = X, in (4.4), we obtain
F(x}) — F* < F(X) — F* + (VF (%), x}, — %) + 3L ||x},

< (%) — F* + |[VF()| ||x — %5 + 5L ||xk — =],
< F(%) — F* + L7 |[VE&) |2 + L ||xk — =
< 2(F(%) — F*) + L||x, — =i, (4.28)

where the third inequality uses Young’s inequality and the last inequality is due to Lemma 4.5.12. Averag-

ing (4.28) over ¢ from 1 to n proves the lemma. O

We next refine several results developed in Section 4.5.1. We first use the PL inequality to in Lemma 4.5.3.

Lemma 4.5.14. Let Assumptions 4.2.1-4.2.4 hold. If 0 < oy <

o |:F(Xk+1

2L, then we have: Yk > 0,

F(xy) — F* n arL ||xx — Jxk||2 N aiug
L 2 n 2n

\ﬂ} (1 — peve)

Proof. The proof follows by using the PL condition in the descent inequality in Lemma 4.5.3 and then

substracting F* from both sides of the resulting inequality. O
We next use Lemma 4.5.12 to refine Lemma 4.5.8 as follows.

Lemma 4.5.15. Let Assumption 4.2.1-4.2.3 hold. If 0 < a < min {%, l}i, then we have: Yk > 0,

2 2 _ "
g | 1¥i+2 = Iyra| } < 1+/\2E[||Yk+1—JYk-+1|| }+24>\2@iL2E[F(Xk)—F }

nl? 2 nlL? 1-— )2 L
272 [|lxi — Ixi?] 602
- A2]E[ n T

Proof. By Lemma 4.5.1(c) and Lemma 4.5.12, we have: Vk > 0,
== |2 _ _ == 1|2
[VE]|” <2/ VF &I +2 || VE(Ri) — V|
<AL (F(Xg) — F*) 4+ 2L%n " ||xp — Ixi||” (4.29)

Using the inequality above in Lemma 4.5.8 to obtain: Vk > 0,

|¥ite — Iyriel® 24\% 12)\%a2 L2 % — Ixi|?] 602
E < E a
— 1— )\2 + )\2 + L2

nlL?
24)\0j L 1+ 22 [ |yess =Jyseal
AR F(%y) - F E _
T BEG -+ [ nL?
The proof follows by % < 13_’\;2 if0<ag < ﬁ 0
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We now write the inequalities in Lemma 4.5.2, 4.5.14 and 4.5.15 jointly in a linear dynamics as follows.

1-22 (1-X?)2

Proposition 4.5.2. Let Assumption 4.2.1-4.2./ hold. If 0 < o < min {1, oA 1von

}i, then we have

the following (entry-wise) matriz-vector inequality: Yk > 0,
Vi1 < Hivg + ug, (4.30)

where the state vector vy, € R3, the system matriz H € R3*3 and the input vector u;, € R3 are given by

- 2 i M y r 2 242721
E{thkll} 0 L+ o 20RNL
n 2 1— )2
F(xy) — F* a?y? apL
Vi |: L :| ) Ug m ) k 9 1 MO 0
[ 1y = Iyia ]’ 612 272 24N202L% 14 A2
i nL? ] L 72 T—x 1o 2

In the following lemma, we find the range of the step-size ay, such that p(Hy) < 1,VEk > 0, with the help of

Lemma 4.5.9.

Lemma 4.5.16. Let Assumption 4.2.1-4.2./ hold. If the step-size sequence oy, satisfies for all k that

_ . {1 (1-22)2 1-)2 1)\2}
O<ap <a@a:=min{q — )

4.31
2L° 42)X2L ’ 24)\LrY/4 2u (4.31)

then we have: p(Hy) < 1— E5% <1, Vk > 0.

Proof. In the light of Lemma 4.5.9, we solve for the range of the step-size aj and a positive vector § =

[01, b2, 3] such that Hpd < (1 — %) d, which may be written as

poy 202 X2L2 65 < 1— )2

S T S T (432)
/£51 S 52, (433)
2 2 2 272
@g 1-A B 27\ ﬁ_24)\ ai L 572 (4.34)
2 2 1— X205 1—-MX2 65

According to (4.33), we fix §; = 1 and J = k. We now impose that 0 < ay < %,Vk > 0. Then, according

2 2712 2 272
to (4.34), we choose d3 > 0 such that 123); % + 241\_O;§L =< 1_4)‘2 . It suffices to fix 63 = (1188;;2)2 + 96(’}_%\’3?2 a
Now, we use the fixed values of d1,d2,d3 and the requirement that 0 < oy < 1;;‘2 to solve the range of oy

such that (4.32) holds, i.e.,

21602 \1L2 N 19204 N LA 1 - )2
(1—A2)3 (1-A22 = 4

It therefore suffices to choose ay, such that

0 < < min { GALRI/A 42021

1— A2 (1—)\2)2}'

Summarizing the obtained upper bounds on «y, in the discussion completes the proof. O
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We note that @ defined in (4.31) is the same as the one given in Theorem 4.3.2. The following lemma

drives upper bounds on several important quantities.

Lemma 4.5.17. Let Assumption 4.2.1-4.2.4 hold. If 0 < o < @, where @ is given in (4.31), then we
have: Yk > 0,

288\ ) L3kv2 14402 N2

TS Ui RN (R CIER
Bapr?  T2\2ai k2

2un (1—x2)3°

[(I3 — H;,)™! u;|, <

(I3 —Hy) 'y, <

Proof. By the definition of Hy in Proposition 4.5.2, we first compute the determinant of (I3 — Hy): Vk > 0,

_opag(1=X?)? 24aR L5\ B4pa}LPA
" (=22~ (1=
S par(l — /\2)2.

- 12

det (I3 — Hy)

if 0 < ay < @, where @ is given in (4.31). Moreover, the adjugate of I3 — Hy, denoted as H*, is given by

=], , = 48\ L H], , = 2uai N2L?

L2 (1-a2)27 =3 1—A2 7
. (1) " apLPA?

H }2,2 < 4 [H ]2,3 = 12"

The proof follows by (Is—Hy)™! = H*/ det (Is — Hy) and the definition of uy, given in Proposition 4.5.2. [

We are now ready to prove Theorem 4.3.2 that characterizes the performance of GT-DSGD under a constant

step-size.

Proof of Theorem 4.3.2. We consider a constant step-size such that ay = a,Vk > 0, with 0 < a < @ where &
is given in (4.31). We denote Hy := H and uy := u,Vk > 0, and recursively apply (4.30) from k to 1 to

obtain: Vk > 1,

k—1
vi <Hvo+ ) H'u< Hbvo + (Is - H) 'u (4.35)
t=0

It is then clear that the first two statements in Theorem 4.3.2 follow by using Lemma 4.5.16 and 4.5.17

in (4.35) and the third statement in Theorem 4.3.2 follows by Lemma 4.5.13. O

4.5.2.2 Almost sure sublinear rate with stochastic approximation step-sizes

In this section, we prove Theorem 4.3.3, i.e., the almost sure sublinear convergence rates of GT-DSGD when
the global function satisfies the PL condition under a family of stochastic approximation step-sizes. We first
establish a key fact that under appropriate step-sizes, the stochastic gradient tracking errors are uniformly

bounded in mean squared across all iterations. This fact will also be used in Section 4.5.2.3.
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Lemma 4.5.18. Let Assumptions 4.2.1-4.2.4 hold. If 0 < ay, <@, for @ given in (4.31), then we have:
supE[ [lyx — J}’k||2] <7,
k>0

where ¥ is a positive constant given by

_30A%aP L kil N 60n a2 L3 (F(Xo) — F*) N 16nv?2
YT T a ey (1—A2)2 1 A2

+ N2V || (4.36)

Proof. We prove by mathematical induction that for the state vector v, defined in Proposition 4.5.2, there

exists some positive constant vector ¥ = [0, s, 03] " such that

vi <V, Vk>0. (4.37)

if 0 < a < @, where @ is given in (4.31). We first note that in order to make (4.37) hold when k = 0,

according to the definition of vg and (4.24), it suffices to choose Vv such that

&)~ F* N2 2|V6[*]

' > |0
Vo= Y L L2 nL?

(4.38)

Next, we show that if v <V for some k& > 0 and then we also have v < V with an appropriate choice
of v. In light of Proposition 4.5.2, we have vy 1 < Hpvg +ug < HiV 4 uy, and hence it suffices to choose v

such that HyV + ui < v, Vk, which is equivalent to the following set of inequalities:

202)\2L2 1—)2_

1 — A2 V3 = 2 U1, (439)
2
K. oprz o
K < 4.40
201+ g S0 (4.40)

27TA? _ 24N?a2L2 . 6v2 11—\
12t + 12 2 fg < 5 U3 (4.41)

where 0 < o, < @ and k = L/p. First, we note that to make (4.39) hold, it suffices to choose 7; as

4@\

v = 7(1 — A2)2U3. (4‘42)
Second, based on (4.38), (4.40), and (4.42), we choose Uy as
28Nk aw?  F(%Xo) - F*
= —_— ——. 4.43
2 (1—X2)2 vt 2un * L (4.43)
Third, to make (4.41) hold, it suffices to choose U3 such that
5402 48\2a° L 1207
U3 > v V- ¢ 4.44
B et T e Tz wey (4.44)
which, using (4.42) and (4.43), is equivalent to
L 216a2MIL2 . 96MEALk . 24N*ELkv? | ASN2APL(F(Xo) — F*) 1202
By (4.45)

RN BT Tyt BT ey (1—A2)2 T ANy
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By the definition of @ in (4.31), we have UHNL® < 6 apd that LEALE < L+ therefore, to make (4.45)

1-2)% = 19 (I-22)3 = 3456
hold, it suffices to choose U3 such that
o s 30022 Lkv?  60\*a2L(F (%) — F*) N 1502
= Tn(1 = a2)2 (1-22)2 L2(1—22)

Based on the above inequality and (4.38), we choose U3 as

5 30N*a3Lkv2  60N*Q2L(F(Xo) — F*) N 1612 2| VE]|?
5T Tn(1— A2)2 (1= A2)2 L2(1— \2) nl?
The induction is complete and the proof then follows by the definition of v in Proposition 4.5.2. O

We prove Theorem 4.3.3 using the Robbins-Siegmund almost supermartingale convergence theorem [152],

presented as follows.

Lemma 4.5.19 (Robbins-Siegmund). Let (2, F,{F:},P) be a filtered space. Suppose that Zy, By, Cy

and Dy are nonnegative and Fi-measurable random variables such that
E [Zk41|Fi] < (1 + Bg) Zy + Cy — Dy, Vk > 0.

Then on the event {3 oo o Br <00, Y poqCr < o0}, we have that limy_,o0 Z), exists and is finite almost

surely, and that Zzozo Dy, < 0o almost surely.

We are now ready to present the proof of Theorem 4.3.3, where we construct appropriate almost super-
martingales that characterize the sample path-wise convergence rate of GT-DSGD under a family of stochastic

approximation step-sizes.
Proof of Theorem /.3.3. We consider the step-size sequence {«ay} of the following form: Vk > 0,
ar =0(k+¢)"°, whered > 1/p and € € (0.5, 1], (4.46)

such that ¢ > max{(§/a)/¢, =z} Hence, 0 < oy, < @ for @ given in (4.31). We construct Fi-adapted

processes: Vk > 0,

Ry = (k’ + (,D)T:fk = (k‘ + <p)Tn_1 ||Xk — Jkaz s

Qi = (k+ @) Ay = (k + )" L7 (F (%) — F7),

where 7 = 2¢ — 1 — €1, where ¢; € (0,2¢ — 1) is an arbitrarily small constant. By 14+ z < e®,Vz € R, we

have (k+ ¢+ 1)" = (k+¢)" (1 + ﬁ)T < (k+ ¢)TeF%. Since 0 < 7re < 1, we have: Vk > 0,

(k+o+1)7 <elk+¢). (4.47)
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Further, by e* <1+ 2z + 22 for 0 < 2 < 1,° we have: Yk > 0,

2

T T
E+o+1)" <1+ +
Ere+l) ( ke (kto)?

) (k+¢)". (4.48)
Recursion of R;. We use Lemma 4.5.18 in Lemma 4.5.2 with the definition of ay, in (4.46) to obtain: Vk > 0,

~ 14+ A2 2027 52
E < E
[xk‘i’l] = 9 [.’Ek] + n(l _ )\2) (kj + SO)QE’

(4.49)

where ¥ is given in (4.36). We multiply (4.49) by (k+¢+1)" and apply (4.47) and (4.48) to obtain: Vk > 0,

1+ A2 T 2 N 62
E[R < 1+ + E[RL] + . 4.50
Rina]l < —5 < Py (k+wP) B+ 0 g e (4.50)

Ty,

Since ¢ > —4 e, = < 1-) ,Vk > 0, we have

1-)22? Ykt — 4
1— )2 T 72
T,=|1———](1
* ( 2 )< +k+<ﬁ+(k+s0)2>
<14 T n 72 1— )2
- E+e¢  (k+¢)? 2
72 1—)2
<1 — . 4.51
= (k+ )2 4 (4:51)
Using (4.51) in (4.50), we have: Yk > 0,
72 1- )2 2eN2] 52
E < |1+——5 |E — E . 4.52
)< (14 g BRI - SRR+ s o

Note that Yo (k + )2 < 0o and Y pe o (k + ¢)"2¢ < oo since 2¢ — 7 > 1. Applying a special case of
Lemma 4.5.19 for deterministic recursions in (4.52) leads to Y ;- E[Ry] < co. Since Ry, is nonnegative, by

monotone convergence theorem, we have E [} 7 o Ri] = > E[Rk] < oo which implies

P <§: R < oo> =1 (4.53)
k=0

The first statement in Theorem 4.3.3 then follows by (4.53).

Recursion of Q. We recall from Lemma 4.5.14: Vk > 0,

wué Lé _ 2 52
E[A Fil <(1l— —— A+ ——2p + = ——5-- 4.54
uali) < (1= AR )8 g+ e oy
We multiply (4.54) by (k+ ¢ + 1)™ and then use (4.47) and (4.48) to obtain: Vk > 0,
E[Q |]-"]<(1—’u76)(1+ T, T )@ e pem Py
P (k+ ) k+o  (k+0)?) " T2kt " 2 (k)P '

Py

5Note that e® = 1+z+a:2z;°:2zi—?2,VxGR. If 0 < x < 1, then we have e? < 14z + 22 2212% = 1+x+(e—2)z2 <

1+ x4+ 22.
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We observe that

T T2 o
P, <1+ + -
S ke (ko2 (et
2 _
S LA (4.56)

(k+¢)?  (k+e)
We use (4.56) in (4.55) to obtain: Yk > 0,

72 o — 1 eL§ ev? 52
- R @
it ¢>2>Q’“ P AT P ol s 2

E [Qr+1|Fk] < (1 + (4.57)

Recall that Y77 ((k+¢) 2 < coand >_po o (k+¢)" %€ < oo since 2 —7 > 1. Note that § > 1/, i.e., ué > 7,

applying Lemma 4.5.19 in (4.57) with the help of (4.53) gives:

P(kll)n;o O = Q) —1, (4.58)
where @ is some almost surely finite random variable, and
P(iWQk<oo> —1 (4.59)
= (k+o¢)

Since >-77, (Zj-;;e = 00, where € € (0.5, 1], we have

= pd—T .
———Qr < 0 p C < liminf =0,, 4.60
{kz—o(k+(p)EQk }{ im in Qk } (4.60)
where “C" denotes the inclusion relation for two events. By the monotonicity of P(-), we note that (4.59)

and (4.60) lead to
P(likniicgf Qr = 0) =1 (4.61)

From (4.61) and (4.58), we conclude that P (Q = 0) = 1 and the proof follows by (4.53) and Lemma 4.5.13.
O

4.5.2.3 Asymptotically optimal rate in mean with O(1/k) step-size

In this section, we prove Theorem 4.3.4 and Corollary 4.3.2, i.e., the asymptotically optimal convergence rate
of GT-DSGD in expectation and the corresponding transient time to achieve network-independent performance,
when the global function F' satisfies the PL condition. Recall that in this context we focus on the following

step-size sequence [7]:

B

= — Vk >0, 4.62
k4~ - ( )

A

where 8 > 0 and v > 0 are parameters to be restricted later. We require v > /@ so that 0 < ay, < @ for @

in (4.31). We first prove a non-asymptotic rate on the consensus errors.
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Lemma 4.5.20. Let Assumption 4.2.1-4.2.4 hold. If v > max{%, %} for @ given in (4.31), then we
have: Yk > 0,

zp?

T (4.63)

E |lxe - Ix)I°] <
where T := 8\2y(1 — A\2)~2 for i given in (4.36).

Proof. We prove by induction that there exists a constant Z such that (4.63) holds. First, since x} =
x4, Vi, r € V, (4.63) holds trivially when & = 0. We next show that if (4.63) holds for some k£ > 0 and then

it also holds for k£ + 1. From Lemma 4.5.2 and 4.5.18, we have: Vk > 0,

1422 222502
B{lx41 — I ]|*) < —5—Ellxe — Ixe|F] + T5F
Therefore, it suffices to choose 7 such that Vk > 0,
14+ A2 232 2X%2y B 732

<
2 (k+7)? 1-X(k+7v)?~ (k+~v+1)2

which is equivalent to

20%y (k+7)? T+ A2\ .
< - : 4.64
1—)\2_<(k+7+1)2 2 )x (464)

Since the RHS of (4.64) monotonically increases with k, we suffice to choose Z such that (4.64) holds

202y 72 14+ A2\ . 1—A2  2y+1 )\
é J— xTr = — xZ.
1— )2 (y+1)? 2 2 (y+1)2

when k£ =0, i.e.,

Since (31‘;)12 <2 =, it suffices to choose Z such that 21\2;’2 < (% — %)’f Finally, if v > %, it can be
observed that the induction is complete by setting 7 := 8A\2g(1 — \?)~2. O

We next present a useful lemma adapted from [116,151,154].

Lemma 4.5.21. Consider the step-size sequence {a} in (4.62). We have: for any nonnegative integers a,b

such that 0 < a < b,

b

(a+y)"
< .
116 =pe0 < G

Proof. By (4.62) and 1+ x < e*,Vz € R, we have: 0 < a < b,
b

sﬁa (= pee) = H( ) <eXp{ -2 Slfv}- (4.65)

=a s=a

Since

S+V_f§+7+1 Ldz, Vs >0, we have: 0 < a < b,

b s+y+1 1

b
1 b+~v+1
> —dx =log [ ——— ] . 4.
Zs—i—v_z/ T v < a—+ -y ) ( 66)

Applying (4.66) to (4.65) completes the proof. O
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Now we are ready to prove Theorem 4.3.4 through a non-asymptotic analysis inspired by [67,93,116,151]

F*)]. Using Lemma 4.5.20 in Lemma 4.5.14 gives:

Proof of Theorem 4.5.4. We denote Wy, := E[L~!(F (X)) —
if v > max{f, T 8}\2}
Upi1 < (1 — pog) ¥y + 0k +2a3, Yk >0, (4.67)
where © and Z are defined as, for  given in (4.63),
V2 Lz
ui=== 7= — 4.
U= and 7= (4.68)
We recursively apply (4.67) from k to 0 to obtain®: Vk > 1
k—1 k—1 k—1
Uy < Wy H(l — pov) + Z ( (e +zay) H (1- Mal)>
t=0 t=0 I=t+1
S~ WO S LY (e B
cup LS
NCERI Z; (72 " 42/ (k+y)e?
up 32 (t+1 MB 133 k-1 (t+1 )b
~ w0 I D=
(k +y)mb k+’y“ﬁ (t+7)? k+7“5t (t+~)3

where the second inequality uses Lemma 4.5.21. By 1 +z < e*,Vx € R, we have: for 0 <t <k —1

where the last inequality uses p8/y < pa < 0.5. We use (4.70) in (4.69) to obtain: Yk > 1
k—14~

k—1+
B \/>UB2 ! yﬂ 2 fZ/BB Z S,uﬁ 3 (471)
(k+7) Mﬂ =

(4.70)

ryl—‘
U, <Wv
e R A TR e

By s*%72 < max { fSSH a"P=2dg, [T x*P~2dx}, we have: if B> 1/u, then Vk > 1

k=1t Kty k uB—1
E sh—2 < / HB=2 S%- (4.72)
puB —1

s=v y-1
Likewise, by s*#~3 < max { [} St prB=3dy L[ @ =3dx}, we have: if B> 2/p, then Vk > 1,
k—1ty k+y k nB—2
> s < / o83y <F TN (4.73)
pB —2

s=7y v—1

Now, we apply (4.72) and (4.73) in (4.71) to obtain: Vk > 1,
WoyH? Veus? Vezp?
Gt G- D) | B2k .

U, <

Using (4.74) and Lemma 4.5.20 in Lemma 4.5.13, we obtain: Vk > 1
2(F(Xo) — F*) 2\/eLuf?

- Z E[F F*] < 5

(/v + 1)~ (B =1)(E+7)  (uB=2)(k+7)

B and by recalling the definitions of 4 and Z given in (4.68).

2/eLzB3? 2z32
(k+7)*

Lz
The proof follows by that (k+'y) < G 2)(k+y O

6For a sequence {sk}, we adopt the convention HZ::C

sp=1ify <.
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Proof of Corollary 4.3.2. We derive the conditions under which the rate expression in Theorem 4.3.4 is
network-independent. We first solve for the lower bound on & such that
Lv23? L2zp3
n(pB —1)(k+7) ~ n(uf —2)(k+7)*’

which may be written equivalently as

puB —1Lzp
k > : 4.75
T2 E— e 4
We suppose that [|Vfy||* = O(n), 8 = 6/u, where 6 > 2. Since aL = O(5i5%), for @ defined in (4.31), we
have
—_— Nny? N Mel/402 N2nL(F(X) — F*) 7
(1—-XN)3 1—A (1 —N)2K1/2
where ' is defined in (4.63). Therefore, to make (4.75) hold, it suffices to let
ik A& Nk PL(F(Xg) — F*)
k2 . 4.76
Fap 1T (1= N2 (476)

Next, we solve for the range of k such that for some ¢ € [1,6), (% +1)% > (B e, (477 ﬁ

Since v > 1, it suffices choose k such that

R T (4.77)

We fix vy = max{u%, 2} =< max{x, (1>\_2;~)2’ Alnj/4 L}, Using (4.76) and (4.77) in Theorem 4.3.4, we have

>
—
|

K9 Xo) — F™* K2
S (P - 1) = o (UGS iy,

if k 2 max {K;, Ko}, where K; and K» are given by
Mok XYY Nnr'2L(F(X) — F)

K =
Caop it FESNE
K Nk ARYY 1 7 .
— -5
2 max{ﬁ’(l—/\)fl—)\’l—)\} "
The proof follows by setting 6 = 2 and 6 = 6 in the above. O

4.6 Conclusion

In this chapter, we study the convergence properties of the well-known GT-DSGD algorithm for decentralized
smooth non-convex expected risk minimization problems. For both constant and decaying step-sizes, we
comprehensively establish the conditions under which the performances of GT-DSGD are network topology-
independent and match that of the centralized SGD algorithm for general non-convex problems and problems
where the global PL condition is satisfied. In sharp contrast, the existing theory suggests that the perfor-

mances of GT-DSGD are strictly worse than that of the centralized SGD.



Chapter 5

Decentralized Online Stochastic Non-Convex

Optimization with Mean-Squared Smoothness

In this chapter, we study decentralized non-convex expected risk minimization problems with mean-squared
smoothness. Inspired by the GT-VR framework proposed in Chapter 2, we propose GT-HSGD, a new single-
loop decentralized variance-reduced stochastic gradient method, which achieves improved oracle complexity
and practical implementation compared with the existing approaches. In particular, we show that GT-HSGD
achieves an e-accurate stationary point of the problem with a network topology-independent oracle com-
plexity of O(¢~?) that matches the centralized optimal methods for this problem class, when the required

error tolerance € is small enough. We present numerical experiments to verify our main technical results.

5.1 Introduction

We consider n nodes, such as machines or edge devices, communicating over a decentralized network described
by a directed graph G = (V, &), where V = {1,--- ,n} is the set of node indices and £ C V xV is the collection
of ordered pairs (4, 7), ¢,j € V, such that node j sends information to node i. Each node 7 possesses a private
local cost function f; : RP — R and the goal of the networked nodes is to solve, via local computation and

communication, the following optimization problem:
1 n
in Fl(x)=— i(X).
iy Fo) =52 i)
i

This canonical formulation is known as decentralized optimization [19,21, 33, 34] that has emerged as a
promising framework for large-scale data science and machine learning problems [2,41]. Decentralized opti-
mization is essential in scenarios where data is geographically distributed and/or centralized data processing

is infeasible due to communication and computation overhead or data privacy concerns. In this chapter, we

139
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focus on an online and non-conver setting. In particular, we assume that each local cost f; is non-convex
and each node ¢ only accesses f; by querying a local stochastic first-order oracle (SFO) [128] that returns a
stochastic gradient, i.e., a noisy version of the exact gradient, at the queried point. As a concrete example
of practical interest, the SFO mechanism applies to many online learning and expected risk minimization
problems where the noise in SFO lies in the uncertainty of sampling from the underlying streaming data
received at each node [19,21]. We are interested in the oracle complexity, i.e., the total number of queries
to SFO required at each node, to find an e-accurate first-order stationary point x* of the global cost F' such

that E[|VF(x*)] < e.

5.1.1 Related work

We now briefly review the literature of decentralized non-convex optimization with SFO, which has been
widely studied recently. Perhaps the most well-known approach is the decentralized stochastic gradient
descent (DSGD) and its variants [2, 19,21, 43, 155], which combine average consensus and a local stochastic
gradient step. Although being simple and effective, DSGD is known to have difficulties in handling heteroge-
neous data [31]. Recent works [3,4,148,150] achieve robustness to heterogeneous environments by leveraging
certain decentralized bias-correction techniques such as EXTRA (type) [20,68,156], gradient tracking [14,54—
56,65,67,157], and primal-dual principles [66,69,73,74]. Built on top of these bias-correction techniques, very
recent works [135] and [158] propose D-GET and D-SPIDER-SFO respectively that further incorporate online
SARAH/SPIDER-type variance reduction schemes [48-50] to achieve lower oracle complexities, when the SFO
satisfies a mean-squared smoothness property. Finally, we note that the family of decentralized variance
reduced methods has been significantly enriched recently, see, for instance, [22,23,31,120,141,142,159-161];
however, these approaches are explicitly designed for empirical minimization where each local cost f; is
decomposed as a finite-sum of component functions, i.e., f; = + Somt fir; it is therefore unclear whether

m

these algorithms can be adapted to the online SFO setting, which is the focus of this chapter.

5.1.2 Main contributions

In this chapter, we propose GT-HSGD, a novel online variance reduced method for decentralized non-convex op-
timization with stochastic first-order oracles (SF0). To achieve fast and robust performance, the GT-HSGD al-
gorithm is built upon global gradient tracking [55,65] and a local hybrid stochastic gradient estimator [59,
162, 163] that can be considered as a convex combination of the vanilla stochastic gradient returned by
the SFO and a SARAH-type variance-reduced stochastic gradient [58]. In the following, we emphasize the key

advantages of GT-HSGD compared with the existing decentralized online (variance-reduced) approaches, from
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both theoretical and practical aspects.

e Improved oracle complexity. A comparison of the oracle complexity of GT-HSGD with related
algorithms is provided in Table 5.1, from which we have the following important observations. First
of all, the oracle complexity of GT-HSGD is lower than that of DSGD, D2, GT-DSGD and D-PD-SGD, which
are decentralized online algorithms without variance reduction; however, GT-HSGD imposes on the SFO
an additional mean-squared smoothness (MSS) assumption that is required by all online variance-
reduced techniques in the literature [48-50,59,134,135,149,158,162,163]. Secondly, GT-HSGD further
achieves a lower oracle complexity than the existing decentralized online variance-reduced methods
D-GET [135] and D-SPIDER-SFO [158], especially in a regime where the required error tolerance e and
the network spectral gap (1 —\) are relatively small.'. Moreover, when ¢ is small enough such that e <
min {A\"*(1-X)*n=1, A7t (1=X)!5n =1}, it can be verified that the oracle complexity of GT-HSGD reduces
to O(n~te™3), independent of the network topology, and GT-HSGD achieves a linear speedup, in terms
of the scaling with the network size n, compared with the centralized optimal online variance-reduced
approaches that operate on a single node [48-50,59,134,162]; see Section 5.3 for a detailed discussion.
In sharp contrast, the speedup of D-GET [135] and D-SPIDER-SFO [158] is not clear compared with the

aforementioned centralized optimal methods even if the network is fully connected, i.e., A = 0.

o More practical implementation. Both D-GET [135] and D-SPIDER-SFO [158] are double-loop al-
gorithms that require very large minibatch sizes. In particular, during each inner loop they execute
a fixed number of minibatch stochastic gradient type iterations with O(e~!) oracle queries per up-
date per node, while at every outer loop they obtain a stochastic gradient with mega minibatch size
by O(e~2) oracle queries at each node. Clearly, querying the oracles exceedingly, i.e., obtaining a large
amount of samples, at each node and every iteration in online steaming data scenarios substantially
jeopardizes the actual wall-clock time. This is because the next iteration cannot be performed until all
nodes complete the sampling process. Moreover, the double-loop implementation may incur periodic
network synchronizations. These issues are especially significant when the working environments of the
nodes are heterogeneous. Conversely, the proposed GT-HSGD is a single-loop algorithm with O(1) ora-
cle queries per update and only requires a large minibatch size with O(e~!) oracle queries once in the

initialization phase, i.e., before the update recursion is executed; see Algorithm 6 and Corollary 5.3.1.

1A small network spectral gap (1 — A) implies that the connectivity of the network is weak.
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Table 5.1: A comparison of the oracle complexity of decentralized online stochastic gradient methods. The
oracle complexity is in terms of the total number of queries to SFO required at each node to obtain an e-
accurate stationary point x* of the global cost F' such that E[||VF(x*)||] < e. In the table, n is the number
of the nodes and (1 — A) € (0,1] is the spectral gap of the weight matrix associated with the network. We
note that the complexity of D2 and D-SPIDER-SFO also depends on the smallest eigenvalue A, of the weight
matrix; however, since \,, is less sensitive to the network topology, we omit the dependence of A,, in the table
for conciseness. The MSS column indicates whether the algorithm in question requires the mean-squared
smoothnebs assumption on the SFO. Finally, we emphasize that DSGD requires bounded heterogeneity such
that sup, - LS IVfi(x) — VF(x)||? < ¢2, for some ¢ € Rt, while other algorithms in the table do not
need this assumption.

Algorithm Oracle Complexity MSS Remarks
DSGD [2] (0] (max { I (1 }) X bounded heterogeneity
. b € Rt is not explicitly
D2 [3] o) ( { el [ bEQ }) X shown in [3]
1
GT-DSGD [4 ) , X
5 (max{”€4 a-xse })
ol ¢ € Rt is not explicitly
D-PD-SGD [148] | O (max { el (1= /\)‘962 }) X shown in [148]
_ d € Rt is not explicitly
D-GET [135] @) ( . )\)de?)) v/ shown in [135]
D-SPIDER-SFO | v h € RT is not explicitly
[158] (1-— )\)h €3 shown in [158]

GT-HSGD 1 A AL5p0-5
. O | max{ —, R 4
(this work) ned’ (1—N)3e2’ (1 — \)225¢15

The rest of this chapter is organized as follows. In Section 5.2, we state the problem formulation and
develop the proposed GT-HSGD algorithm. Section 5.3 presents the main convergence results of GT-HSGD and
their implications. Section 5.4 provides numerical experiments to illustrate our theoretical claims. Section 5.5
outlines the convergence analysis of GT-HSGD, while the detailed proofs and derivations are provided in
Section 5.6. Section 5.7 concludes the chapter.

We adopt the following notations throughout the chapter. We use lowercase bold letters to denote
vectors and uppercase bold letters to denote matrices. The ceiling function is denoted as [-]. The matrix I
represents the dxd identity; 1, and 04 are the d-dimensional column vectors of all ones and zeros, respectively.
We denote [x]; as the i-th entry of a vector x. The Kronecker product of two matrices A and B is denoted
by A ® B. We use || - || to denote the Euclidean norm of a vector or the spectral norm of a matrix. We use

o(+) to denote the o-algebra generated by the sets and/or random vectors in its argument.

5.2 Problem setup and the GT-HSGD algorithm

In this section, we introduce the mathematical model of the stochastic first-order oracle (SF0) at each node

and the communication network. Based on these formulations, we develop the proposed GT-HSGD algorithm.
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5.2.1 Optimization and network model

We work with a rich enough probability space {2, P, F}. We consider decentralized recursive algorithms of
interest that generate a sequence of estimates {x:};>¢ of the first-order stationary points of F' at each node 4,
where x} is assumed constant. At each iteration ¢, each node i observes a random vector f; in RY, which, for
instance, may be considered as noise or as an online data sample. We then introduce the natural filtration
(an increasing family of sub-o-algebras of F) induced by these random vectors observed sequentially by the

networked nodes:

fO: {Qa¢}a

Fimo (€& &riev)), w1, (5:1)

where ¢ is the empty set. We are now ready to define the SFO mechanism in the following. At each iteration ¢,
each node ¢, given an input random vector x € RP that is F;-measurable, is able to query the local SFO to
obtain a stochastic gradient of the form g;(x, &%), where g; : R? x R? — R? is a Borel measurable function.

We assume that the SFO satisfies the following four properties.

Assumption 5.2.1 (Oracle). For any F;-measurable random vectors x,y € RP, we have the following: Vi €

V, vt >0,
o E[gix )17 = Vi)

o Eflgi(x.&) = VAIP] < v 7%= 1300 v

the family {éi (VE> 0,1 € V} of random vectors is independent;

E [llgi(x. &) — gy, €)1°] < L°E [||Ix — y|I*].

The first three properties above are standard and commonly used to establish the convergence of decen-
tralized stochastic gradient methods. They however do not explicitly impose any structures on the stochastic
gradient mapping g; other than the measurability. On the other hand, the last property, the mean-squared
smoothness, roughly speaking, requires that g; is L-smooth on average with respect to the input arguments x
and y. As a simple example, Assumption 5.2.1 holds if f;(x) = %XTQiX and g;(x,€,;) = Q;x + &, where Q;
is a constant matrix and &; has zero mean and finite second moment. We further note that the mean-squared
smoothness of each g; implies, by Jensen’s inequality, that each f; is L-smooth, i.e., ||V fi(x) — Vfi(y)] <
L|jx — y||, and consequently the global function F is also L-smooth.

In addition, we make the following assumptions on F' and the communication network G.

Assumption 5.2.2 (Global Function). F' is bounded below, i.e., F™* := infycge F(x) > —00.
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Assumption 5.2.3 (Communication Network). The directed network G admits a primitive and doubly-

stochastic weight matrix W = {Qij} € R"*". Hence, W1, =W '1, =1, and \ := W — %1n17—£|\ €10,1).

The weight matrix W that satisfies Assumption 5.2.3 may be designed for strongly-connected weight-
balanced directed graphs (and thus for arbitrary connected undirected graphs). For example, the family
of directed exponential graphs is weight-balanced and plays a key role in decentralized training [41]. We
note that A is known as the second largest singular value of W and measures the algebraic connectivity
of the graph, i.e., a smaller value of A roughly means a better connectivity. We note that several existing
approaches require strictly stronger assumptions on W. For instance, D2 [3] and D-PD-SGD [148] require W

to be symmetric and hence are restricted to undirected networks.

5.2.2 Algorithm development

We now describe the proposed GT-HSGD algorithm and provide an intuitive construction. Recall that x! is the
estimate of an stationary point of the global cost F at node i and iteration t. Let g;(x}, £!) and g;(x!_,, &%)
be the corresponding stochastic gradients returned by the local SFO queried at xi and x!_; respectively.
Motivated by the strong performance of recently introduced decentralized methods that combine gradient
tracking and various variance reduction schemes for finite-sum problems [120, 135,141, 160], we seek similar
variance reduction for decentralized online problems with SFO. In particular, we focus on the following local
hybrid variance reduced stochastic gradient estimator vi introduced in [59, 162, 163] for centralized online

problems: V¢ > 1,
vi = gilxi &) + (1 B)(vVioy — gilxi_1.€))), (5:2)

for some applicable weight parameter 3 € [0,1]. This local gradient estimator v¢ is fused, via a gradient
tracking mechanism [55, 65], over the network to update the global gradient tracker yi, which is subse-
quently used as the descent direction in the xi-update. The complete description of GT-HSGD is provided in
Algorithm 6. We note that the update (5.2) of vi may be equivalently written as

Vi =4- gi(xi7£i) +(1—-0)- (gz(XLEi) - gi(xi—lagi) + Vi—1)7
——

Stochastic gradient SARAH

which is a convex combination of the local vanilla stochastic gradient returned by the SFO and a SARAH-
type [49, 50, 58] gradient estimator. This discussion leads to the fact that GT-HSGD reduces to GT-DSGD [4,
67,150] when 8 = 1, and becomes the inner loop of GT-SARAH [141] when 8 = 0. However, our convergence
analysis shows that GT-HSGD achieves its best oracle complexity and outperforms the existing decentralized

online variance-reduced approaches [135,158] with a weight parameter 8 € (0, 1). It is then clear that neither
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Algorithm 6 GT-HSGD at each node i
Require: xj = Xo; o; 8; bo; yh = 0,5 vy = 0,5 T.

| _ \ o
1: Sample {5,172, and vj = =370 gi(xh, &6,,);

2 y) = Z?:l Wi (v +vo —vL);

30 x) = Y00, w; (%) — ayl);

4: fort=1,2,--- ;T —1do

5: Sample Si;

6: Vi = gl(xzvﬁi) + (1 - B) (Vifl - gi(XLpEi))-

. i _ n J J J .
7: Yid1 = 21 (vl +vi—vi_y);
. i _ n J J .
8: Xii1 = D1 Wi (x7 — ayii);
9: end for

10: return X7 selected uniformly at random from {x}}:<¥_..

GT-DSGD nor the inner loop of GT-SARAH, on their own, are able to outperform the proposed approach,

making GT-HSGD a non-trivial algorithmic design for this problem class.

Remark 5.2.1. Clearly, each vi is a conditionally biased estimator of V f;(x!), i.e., E[vi|F] # Vfi(x}) in
general. However, it can be shown that E[vi] = E[V f;(x!)], meaning that v} serves as a surrogate for the

underlying exact gradient in the sense of total expectation.

5.3 Main results

In this section, we present the main convergence results of GT-HSGD in this chapter and discuss their salient

features. The formal convergence analysis is deferred to Section 5.5.

Theorem 5.3.1. If the weight parameter = % and the step-size o is chosen as

1-22)2 /n(l-X) 1
90X ' 26X 43

)

S

0<a<min{

then the output X7 of GT-HSGD satisfies: VT > 2,

A(F(%o) — F*)  8p7° 472 64|V (x0) [|? 961272 2562 32772

< 2
Rl T, L R U s I R VTS L (RS U E

where ||V (xo)|* = Yy IV fi(Xo) I”
Remark 5.3.1. Theorem 5.3.1 holds for GT-HSGD with arbitrary initial minibatch size by > 1.

Theorem 5.3.1 establishes a non-asymptotic bound, with no hidden constants, on the mean-squared

stationary gap of GT-HSGD over any finite time horizon T'.
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Remark 5.3.2 (Transient and steady-state performance over infinite time horizon). If « and
are chosen according to Theorem 5.3.1, the mean-squared stationary gap E [||VF(X7)||?] of GT-HSGD decays

sublinearly at a rate of O(1/T") up to a steady-state error (SSE) such that

: - 88V2 256023207
] 2
l1;njolipE [HVF(XT)H ] < " (1—22)3°

(5.3)
In view of (5.3), the SSE of GT-HSGD is bounded by the sum of two terms: (i) the first term is in the order
of O(B) and the division by n demonstrates the benefit of increasing the network size?; (ii) the second term
is in the order of O(3?) and reveals the impact of the spectral gap (1 — \) of the network topology. Clearly,
the SSE can be made arbitrarily small by choosing small enough 5 and «. Moreover, since the spectral

gap (1 — \) only appears in a higher order term of § in (5.3), its impact reduces as 8 becomes smaller, i.e.,

as we require a smaller SSE.

The following corollary is concerned with the finite-time convergence rate of GT-HSGD with specific choices
of the algorithmic parameters «, 5, and by.

n2/3
SLT1/3>

1/3 /35 .
p=3n and by = (%1 in Theorem 5.3.1, we have

Corollary 5.3.1. Setting a = T3 0

32L(F(Xo) — ™) + 1272 64)\4||Vf(x0) ||2 240)\2n2/372

E[IVF(xr)|’] <

(nT)2/3 (1=X2)3nT (1 —\2)374/3°
for all
T> ma 1424)\5n2  35X\3n0-5
S W (PSS D AN RSPV

As a consequence, GT-HSGD achieves an e-accurate stationary point x* of the global cost F such that E[||VF(x*)||] <

€ with

H = O (max {Hoph Hnet})

iterations®, where Hopt and Hyer are given respectively by

(L(F(%0) — F*) +7%)'
Hopt == ’n,63 )

)\4||vf(x()) ||2 A1.5n0.5v1.5
Hnet = maXx ’ .
(1— A2)3ne’ (1 — A2)225¢15

The resulting total number of oracle queries at each node is thus [H + H/3n=2/3].

Remark 5.3.3. Since H'/3n~2/3 is much smaller than 7, we treat the oracle complexity of GT-HSGD as H.

for the ease of exposition in Table 5.1 and the following discussion.

2Since GT-HSGD computes O(n) stochastic gradients in parallel per iteration across the nodes, the network size n can be
interpreted as the minibatch size of GT-HSGD.
3The O(-) notation here does not absorb any problem parameters, i.e., it only hides universal constants.
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An important implication of Corollary 5.3.1 is given in the following.

Remark 5.3.4 (A regime for network topology-independent oracle complexity and linear speedup).
According to Corollary 5.3.1, the oracle complexity of GT-HSGD at each node is bounded by the max-
imum of two terms: (i) the first term H,, is independent of the network topology and, more impor-
tantly, is n times smaller than the oracle complexity of the optimal centralized online variance-reduced
methods that execute on a single node for this problem class [48-50,59,162]; (ii) the second term H,e¢
depends on the network spectral gap 1 — A and is in the lower order of 1/e. These two observations
lead to the interesting fact that the oracle complexity of GT-HSGD becomes independent of the network
topology, i.e., Hopr dominates Hpe¢, if the required error tolerance e is small enough such that* € <
min{)ﬁ‘l(l — A3 A1 — )\)1'571*1}. In this regime, GT-HSGD thus achieves a network topology-
independent oracle complexity Hop: = O(n~te=3), exhibiting a linear speed up compared with the afore-

mentioned centralized optimal algorithms [48-50,59, 134, 162], in the sense that the total number of oracle

queries required to achieve an e-accurate stationary point at each node is reduced by a factor of 1/n.

Remark 5.3.5. The small error tolerance regime in the above discussion corresponds to a large number of
oracle queries, which translates to the scenario where the required total number of iterations 7" is large. Note
that a large T further implies that the step-size o and the weight parameter 5 are small; see the expression

of a and $ in Corollary 5.3.1.

5.4 Numerical Experiments

In this section, we illustrate our theoretical results on the convergence of the proposed GT-HSGD algorithm

with the help of numerical experiments. The basic setup is given in the following.

o Model. We consider a non-convex logistic regression model [137], where the decentralized non-convex

optimization problem of interest takes the form mingegre F(x) := % Sory fi(x) + r(x), such that
filx) = l ilog [1 + 67<x,9ij>zi]}
i m 2
Jj=1
and

o ny I
r(x) = ,
1+ [x7
where 6, ; is the feature vector, l; ; € {—1,+1} is the corresponding binary label, and r(x) is a

non-convex regularizer. To simulate the online SFO setting described in Section 5.2, each node i is

only able to sample with replacement from its local data {6; ;,1; ; };”:1 and compute the corresponding

4This boundary condition follows from basic algebraic manipulations.
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Table 5.2: Datasets used in numerical experiments, all available at https://www.openml.org/.
Dataset train (nm) | dimension (p)

a9a 48,840 123
covertype 100,000 54
KDD98 75,000 477
MiniBooNE 100,000 11

(minibatch) stochastic gradient. Throughout all experiments, we set the number of the nodes to n = 20

and the regularization parameter to R = 1074,

e Data. To test the performance of the applicable algorithms, we distribute the a9a, covertype, KDD9S,
MiniBooNE datasets uniformly over the nodes and normalize the feature vectors such that ||0; ;|| =

1,Vi,j. The statistics of these datasets are provided in Table 5.2.

e« Network topology. We consider the following network topologies: the undirected ring graph, the
undirected and directed exponential graphs, and the complete graph; see [2,14,27,41] for detailed
configurations of these graphs. For all graphs, the associated doubly stochastic weights are set to
be equal. The resulting second largest singular value A of the weight matrices are 0.98,0.75,0.67,0,

respectively, demonstrating a significant difference in the algebraic connectivity of these graphs.

e Performance measure. We measure the performance of the decentralized algorithms in question
by the decrease of the global cost function value F(X), to which we refer as loss, versus epochs,
where X = 711 Z?:l x; with x; being the model at node 7 and each epoch contains m stochastic gradient

computations at each node.

5.4.1 Comparison with the existing decentralized stochastic gradient methods

We conduct a performance comparison of GT-HSGD with GT-DSGD [4,67,150], D-GET [135], and D-SPIDER-SFO
[158] over the undirected exponential graph of 20 nodes. Note that we use GT-DSGD to represent methods
that do not incorporate online variance reduction techniques, since it in general matches or outperforms
DSGD [2] and has a similar performance with D2 [3] and D-PD-SGD [148].

We set the parameters of GT-HSGD, GT-DSGD, D-GET, and D-SPIDER-SFO according to the following pro-
cedures. First, we find a very large step-size candidate set for each algorithm in comparison. Second, we
choose the minibatch size candidate set for all algorithms as B := {1,4,8,16, 32,64, 128,256, 512,1024}:
the minibatch size of GT-DSGD, the minibatch size of GT-HSGD at ¢ = 0, the minibatch size of D-GET and
D-SPIDER-SFO at inner- and outer-loop are all chosen from B. Third, for D-GET and D-SPIDER-SFO, we

o, m ... QOT’”}, where m is the local data size

choose the inner-loop length candidate set as {555, 795, » 5> 5


https://www.openml.org/
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Figure 5.1: A comparison of GT-HSGD with other decentralized online stochastic gradient algorithms over

the undirected exponential graph of 20 nodes on the a9a, covertype, KDD98, and MiniBooNE datasets.
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Figure 5.2: Convergence of GT-HSGD over different network topologies on the a%9a and covertype datasets.

and b is the minibatch size at the inner-loop. Fourth, we iterate over all combinations of parameters for

each algorithm to find its best performance. In particular, we find that the best performance of GT-HSGD is

attained with a small 8 and a relatively large « as Corollary 5.3.1 suggests.

The experimental results are provided in Fig. 5.1, where we observe that GT-HSGD achieves faster rate

than other algorithms in comparison on those four datasets. This observation is coherent with our main

results that GT-HSGD achieves a lower oracle complexity than the existing approaches; see Table 5.1.
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5.4.2 Topology-independent rate of GT-HSGD

We test the performance of GT-HSGD over different network topologies. In particular, we follow the procedures
described in Section 5.4.1 to find the best set of parameters for GT-HSGD over the complete graph and then
use this parameter set for other graphs. The corresponding experimental results are presented in Fig. 5.2.
Clearly, it can be observed that when the number of iterations is large enough, that is to say, the required
error tolerance is small enough, the convergence rate of GT-HSGD is not affected by the underlying network
topology. This interesting phenomenon is consistent with our convergence theory; see Corollary 5.3.1 and

the related discussion in Section 5.3.

5.5 Outline of the convergence analysis

In this section, we outlines the proof of Theorem 5.3.1, while the detailed proofs are provided in the Appendix.
We let Assumptions 5.2.1-5.2.3 hold without explicitly stating them. For the ease of exposition, we write

the x4~ and ys-update of GT-HSGD in the following equivalent matrix form: V¢ > 0,

Vir1 = Wyt +vi —vi1), (5.4a)

Xpp1 = W (X — ayii1) (5.4b)

where W := W ®I, and x4, y¢, v; are square-integrable random vectors in R"? that respectively concatenate
the local estimates {x}}" , of a stationary point of F, gradient trackers {yi}" ;, stochastic gradient estima-
tors {vi} ;. It is straightforward to verify that x; and y; are F;-measurable while v; is F;1-measurable

for all £ > 0. For convenience, we also denote
T
VE(x;) = Vi), Va(x)T]
and introduce the following quantities:

1
J .= <1n1§> ®1,
n

1
Xy 1= *(]_T X Ip)Xt,

n n
1
Y = g(ll ® 1)yt
1
V= 5(1;: ®Ip)vt7
i 1
V(%) = — (1, @ L) VF(x;).

n
In the following lemma, we enlist several well-known results in the context of gradient tracking-based

algorithms for decentralized stochastic optimization, whose proofs may be found in [24,55,56,67].
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Lemma 5.5.1. The following relationships hold.
(a) ||Wx —Jx|| < A||x — Ix]||,Vx € R™P.

(b) Yip1 =V¢,Vt > 0.

(c) [[VE(x:) —VF(ft)H < L lxp — Ixe |, ¥t > 0.

We note that Lemma 5.5.1(a) holds since W is primitive and doubly-stochastic, Lemma 5.5.1(b) is a
direct consequence of the gradient tracking update (5.4a) and Lemma 5.5.1(c) is due to the L-smoothness of

each f;. By the update of GT-HSGD described in (5.4b) and Lemma 5.5.1(b), it is straightforward to obtain:
Xip1 =X — QY = Xy — OV, vt > 0. (5.5)

Hence, the mean state X; proceeds in the direction of the average of local stochastic gradient estimators v;.
With the help of (5.5) and the L-smoothness of F' and each f;, we establish the following descent inequality

which sheds light on the overall convergence analysis.

Lemma 5.5.2. If0<a < then we have: YT > 0,

2L7

d s 2F(%) — F*) 1
§|}VF®)I| S——§Z\\vt|| +2Z|vt V()| Jr—Zth Ix,|?.
Proof. See Section 5.6.1. O

In light of Lemma 5.5.2, our approach to establishing the convergence of GT-HSGD is to seek the conditions
on the algorithmic parameters of GT-HSGD, i.e., the step-size a and the weight parameter g, such that

T T T
! 2 2L 11
~gp BRI+ 2 3B % - Tl + 2 S [l Il =0 (08 g ) (59

where O(a, 8,1/bo, 1/T) represents a nonnegative quantity which may be made arbitrarily small by choosing

small enough o and /3 along with large enough 7" and by. If (5.6) holds, then Lemma 5.5.2 reduces to

L\ o 2(F(Ro) — F) -
m;E [”VF(Xt)H ] < o +0 <a7ﬁ7bo7T) ,

which leads to the convergence of GT-HSGD. To this aim, we quantify E[||v, — Vf(x;)[|?] and E[[|x; — Jx||?].

5.5.1 Contraction relationships

First of all, we bound the gradient variances by exploiting the hybrid and recursive update of v;.
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Lemma 5.5.3. The following inequalities hold: ¥t > 1,

61202 23277°

n

E[|[ve = VEx)[?] < (1= B)’E [|[Fe-1 — VE(xe-1)|P] +

6L>
+ F(l - B)2E [th - JXtH2 + th—l - th_1||2] 5 (57)

(1= B)E [Ive-1]?] +

E v~ VEG)I?] < (1 - B)%E [Ive-1 — VEGe-1)[]P] +6nL%*(1 — B)°E [|91-1])] +2n5°7*

+6L%(1 — B)°E [||xt — Ix||? F %1 — th,lﬂz} . (5.8)
Proof. See Section 5.6.2. O

Remark 5.5.1. Since v; is a conditionally biased estimator of Vf(x;), (5.7) and (5.8) do not directly imply

each other and need to be established separately.

We emphasize that the contraction structure of the gradient variances shown in Lemma 5.5.3 plays a cru-
cial role in the convergence analysis. The following contraction bounds on the consensus errors E [th —JIx HQ}
are standard in decentralized algorithms based on gradient tracking, e.g., [67,141]; in particular, it follows

directly from the x;-update (5.4b) and Young’s inequality.

Lemma 5.5.4. The following inequalities hold: ¥t > 0,

2 1+ )\2 2 20(2)\2 2
Peer = Ixeanl|” < == llxe = Ixe|l” + 75 Iyers = Iyeral™ (5.9)
xei1 — Txrgal” < 207 xe = Ixe|* + 20722 [|yei1 — Tyl (5.10)

It is then clear from Lemma 5.5.4 that we need to further quantify the gradient tracking errors E [||Yt —Jy; ||2]

in order to bound the consensus errors. These error bounds are shown in the following lemma.
Lemma 5.5.5. We have the following.

(a) E[[lyr — Iy1[|2] < N2 ||VE(x0) ||” + X>n5? /by,

(b) If0 < o < 53250 then Vit > 1,
3+ )2 21\2nL2%0? ., 63A2L2
E [llytr1 — Iy l?] < 1 [lly: = Jyell?] + WE[HWAHQ} T2 E (b1 = Ixe—1]?]
7)\2 2
+1 _§2E [Ivie1 — VE(xe—1)[I?] + 3A°nB°72.
Proof. See Section 5.6.3. O

We note that establishing the contraction argument of gradient tracking errors in Lemma 5.5.5 requires

a careful examination of the structure of the v;-update.
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5.5.2 Error accumulations

To proceed, we observe, from Lemma 5.5.3, 5.5.4, and 5.5.5, that the recursions of the gradient variances,
consensus, and gradient tracking errors admit similar forms. Therefore, we abstract out formulas for the

accumulation of the error recursions of this type in the following lemma.

Lemma 5.5.6. Let {Vi}i>0, {Ri}i>0 and {Qi}i>0 be nonnegative sequences and C > 0 be some constant

such that Vi < ¢Vi_1+qRi—1+Q:++C, ¥t > 1, where g € (0,1). Then the following inequality holds: VT > 1,

Z‘/Ll ZRtJr—ZQt (5.11)

Similarly, if Viq1 < q¢Vi + Ry—1 + C,Vt > 1, then we have: VT > 2,

T T—2
V 1 cT
Vi< ——+—> R+—. (5.12)
q q < -
Proof. See Section 5.6.4. O
Applying Lemma 5.5.6 to Lemma 5.5.3 leads to the following upper bounds on the accumulated variances.

Lemma 5.5.7. For any 8 € (0, 1), the following inequalities hold: VT > 1,

T —2 2 2T-1 2 T —2
v 6L 12L 9 200°T
> B[V - VEG0l] < o+ ZE[nvtn} > [l 3%+ = (513)
T —2 2 27T-1 2 T
nv onlLa _ 12L -
D E [|lve - VE(xo)|?] < T T3 pRAARE: 3 E [[lx; — Jx¢[|*] +2nB7°T.  (5.14)
t=0 t=0 t=0
Proof. See Section 5.6.5. O

It can be observed that (5.13) in Lemma 5.5.7 may be used to refine the left hand side of (5.6). The
remaining step, naturally, is to bound Y, E [[x; — IJx||?] in terms of Y, E [[[v¢[|?]. This result is provided

in the following lemma that is obtained with the help of Lemma 5.5.4, 5.5.5, 5.5.6, and 5.5.7.

Lemma 5.5.8. If0 < a < (1=2%)* and B € (0,1), then the following inequality holds: VT > 2,

TONZL,
DUE[llxe — Ixe]?] 2016041204 =1 or . 32M3a? [|[VE(x0) | 78 32X4 202
Z S 214 E [|[v:]*] + 2 + ;1 2
t (122t & A-2P  n 1-A (1= A2)3b,
148 3204327202 T
+(12w+3) X
Proof. See Section 5.6.6. O

Finally, we note that Lemma 5.5.7 and 5.5.8 suffice to establish (5.6) and hence lead to Theorem 5.3.1,

whose detailed proof is presented in the next subsection.
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5.5.3 Proof of Theorem 5.3.1

For the ease of presentation, we denote A := F(Xg) — F'* in the following. We apply (5.13) to Lemma 5.5.2

to obtain: if 0 < a < then VT > 1,

2L’

S E[IvEEIF] < QAO—}ZH«:{\ %1% + fil@hxt—mnﬂ
t=0 t=0

22 12L%a% 2 ) 24L 451/ T
E||v J
* Goan * g 2 E I+ [Iixe = 3.)1?] +
_ 24
——fZE[\vtn} (1+)ZE[xt 33|
202 ABTPT (1 12L2a2> 5
+ + e E[ v } : 5.15
Bhon n 1 Y ; [Vl (5.15)
Therefore, if 0 < a < 4\[L and 48]‘:“2 <B<lie, - % > 0, we may drop the last term in (5.15)

to obtain: VT > 1,

éﬂ@ [HVF(it)lP} < % _ EZE [”VtH } (1 + ) ZE [”Xt Ix|| } 52;/271 46:2T-

(5.16)
Moreover, we observe: VI > 1,
1 n T 2 9 n T . 7 9 7 )
=Y S E[IvEeD|] < = ZZE IVFe) = V)| + IV F )]
1=1 t=0 1=1 t=0
202 2 a 2
= S0 B [Ixe - IxP] + 2 Y E[IVFR)IP] (5.17)
t=0 t=0

where the last line uses the L-smoothness of F. Using (5.16) in (5.17) yields: if 0 < a < and 48L%a? /n <

4\/1:
[ < 1, then we have: VI > 1,

LSS fIvrel] < 220 S e ] + L (14 2) Sk e - ]

i=1 t=0
4772 SﬁWQT
5.18
Bbon + n ( )
According to (5.18),if 0 < a < 4\[L and 8 = 48L2%a?/n, we have: VT > 1,
n T T
1 f 4A0 1
=SS E[IvRE)] < =0 - —Z]E (I ] s ) D [Ixe = I’
n 4 6L «
i=1 t=0 t=0
4% 8BUPT
U i BV
Bbon n

AA T 472 72T
< _EZE (197 + 2 > E L R L (s19)

=P
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where the last line is due to 6L%a? < 1/8. To simplify ®7, we use Lemma 5.5.8 to obtain: if 0 < a < (70)\222

then VI > 2,
1 8064)\4L2 2 64)\4 V£ (x0)||”
1 =
o< 5 (-5 )ZE{I I+ e
73 64)\4V2 14 6413272 T
1 . 2
+<1—>\2+ )(1—)\2)3b0+(1—>\2+3 T2 (5:20)

In (5.20), we observe that if 0 < a < %07;‘2222, then 1 — % > 0 and thus the first term in (5.20)

A/ 1 A 2 2 _ )2 .
may be dropped; moreover, if 0 < a < TS(GAL , then g = ‘LSLTO‘ < =0 Hence, if 0 < a <

S T
min { (1970122)2, Y ngé;v) }%, then (5.20) reduces to: VT > 2,

640t [[VE(xo)|®  96AT2  256A2B%52T

Op < 21
TSHoNE n A= 325 T — )y (5:21)
Finally, we use (5.21) in (5.19) to obtain: if 0 < a < min { 11z, A, YEEI ML e have: VT > 2,
4772 837>
E ||VF( Do
T—|—1 21; “V Xt H] ,BbonT+ n
64Mt || VE(x0)]” 96\°77 2560’5 (5.22)
A-XNPT = (T = A23hoT | (1—A2)3 ‘

The proof follows by (5.22) and that E[||VF(x7)|?] = n(T;_H) S S E[|VF(x1)|?) since Xr is chosen

uniformly at random from {xi:Vi e V,0<t<T}.

5.6 Detailed proofs for lemmata in Section 5.5

5.6.1 Proof of Lemma 5.5.2
We recall the standard Descent Lemma [6], i.e., Vx,y € R?,

Fly) < F()+ (VEG),y — )+ 5 lly I, (523)
since F is L-smooth. Setting y = X;11 and x = X; in (5.23) and using (5.5) , we have: Vt > 0,

L
F(Xi11) < F(%) = (VF(Xt), X1 — %) + 3 %1 — %o

< F(R) — o(VF(R,), %) + Li AR (5.24)

Using (a,b) = 1 (||a]|> + ||b||? — |la — b[|?) ,Va,b € R?, in (5.24) gives: for 0 < a < 5 and V¢t > 0,

_ _ o _ a La -
Plxens) < 50 - S IV - (§ - 500 ) vl + 5§ v - VPRI

< Plx) ~ SIVFEIE - (5 = 20 ) 90 +a o= T |+ [T — VF G0

@ o _ o [— 2 al?
< F®) -5 IVFE)|? - 1 [9e))* + o ||9 — VE(xo) || + — =i — Ix|?, (5.25)
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where (i) is due to Lemma 5.5.1(c) and that LT°‘2 < 2 since 0 < o < 5. Rearranging (5.25), we have:

forO<oz§ﬁanth20,

2(F(Xt) — F(Xi+1))

— 2 <
IVF@)|? < -

1, == 2 2L7
-5 [9ell? + 2|9 — VE(xo)||” + = - Ix||”. (5.26)
Taking the telescoping sum of (5.26) over ¢ from 0 to T, VT' > 0 and using the fact that F bounded below
by F* in the resulting inequality finishes the proof.
5.6.2 Proof of Lemma 5.5.3

5.6.2.1 Proof of Eq. (5.7)

We recall that the update of each local stochastic gradient estimator vi,Vt > 1, in (5.2) may be written

equivalently as follows:
vi = Ogi(xi, €) + (1= B)(8i(xi. €) — &(xi_1. €) + vi_, ),
where 8 € (0,1). We have: Vt > 1 and Vi € V,
v, = Vfi(x}) = Bei(x}, &) + (1= 5) (gi(xivgi) —gi(xi_1. &) + VLl) — BV fi(x}) — (1= B)V fu(x;)
= 6 (gilxi. €)= Vilxh) ) + (1= B) (milxh, €0) — gi(xi_1, €) + vio, — VAi(x))
= 8(8i(xt €) — Vi(x)) + (1= B) (mxi: €0) — @ilxi_1,€1) + Vilxi_y) = Vilx)))
+ (1= B)(via - VAl L)), (5.27)
n (5.27), we observe that V¢t > 1 and Vi € V,
E[gi(x}. &) - V(x| = 0y, (5.28)
E[gi(xi, €0) — gi(xi_1,€0) + Vfi(xi_y) = VAEXDIF] = 0, (5.29)
by the definition of the filtration F; in (5.1). Averaging (5.27) over ¢ from 1 to n gives: ¥t > 0,

- Vi(x) = (1-8) (Vt—l - W(Xtﬂ))

+8- 23 (mi0d.€) - T1xD)

i=1

=:s¢

=3 (il €0 — Bt €D + VAKI) — VAGD) . (5:30)

i=1

3\>—‘

=z
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Note that E[s;|F;] = E[z:|F:] = 0, by (5.28) and (5.29). In light of (5.30), we have: Vt > 1,
E[I9: = V() 21| = (1= 21911 = VE(xi1) |2+ E 180 + (1= Baal* 7]
+2E[ (1= 8) (Vo1 = VE(xi1))  Bor + (1= Bz )IFi|

D (1= BPIwir — VB )| +E [1Bo + (1= B)mal* 7]

—~

< (1= B2II¥em1 = VEGa-1)|? + 26%E llon]* | 73| +2(1 = B)E [|zd]*| 7], (531)
where (7) is due to
IEZ[<(1 — B) (Vo1 — VE(xi_1)) . Bor + (1 — 5)zt>|};} —0,

since E[o¢| F;] = E[z:|F;] = 0, and (V;—1 — VF(x;_1)) is F;-measurable. We next bound the second and the

third term in (5.31) respectively. For the second term in (5.31), we observe that Vi > 1,

E [Jlo 2] = QZEngxt,st ~VREDI] + 5 S E (el )~ Vi) g <€) — V)]

i#j
oL ZE“gZ xi.&) - V)| < Z. (532)
We note that (i) in (5.32) uses that whenever i # j,
E [ (8i(xt,€1) = VAilxh). g5 €1) = V()| 7]
DB [(E [gixi, €)lo (€, F)| - Vx5 (xl &) - V£5(<0) )|
2 E [(B[ei(xi, €)17] - VAi(xi). g (. &) = V() ) || =0, (5:33)

where (i7) is due to the tower property of the conditional expectation and (4ii) uses that £{ is independent

of {&!, F;} and x! is Fy-measurable. Towards the third term (5.31), we define, V¢ > 1,
Vii= Vi) = Viixioy)
and recall that E [g;(x}, &}) — gi(xi_1,&})|F] = Vi. Observe that V¢ > 1,

13 o , NP
E [m|P17] = E[Hn > (w060~ 1,60 - )| |

=1
u i

Z
b S B [(mixh €) — mixi &) — Vi (<) €) — g5y, 8) — V)|
i£]

=0

gi Xt7£t) gl(xt 1a£t VtH ’]:t:| ’

i xtvEt gi(xi—lvgi) -V

ZE[HgZ xi. €1) — &(xi_1. &)

(u) 1

J_'.t:| ) (5.34)
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where (i) follows from a similar line of arguments as (5.33) and (i7) uses the conditional variance decompo-

sition, i.e., for any random vector a € RP consisted of square-integrable random variables,
2
E [Ha ~Elal7]| m] =E[Jal |7] - [E[al 7] (5.35)
To proceed from (5.34), we take its expectation and observe that V¢ > 1,

E [Hzt||2] S % ZE |:ng(xli.7£7lt) - gi(xi—l’éi)HQ}

@) 12 &

n2
=1
L2
= S [llx — %01 ]]
n

B [ —xi_a]

L2
= 7]E |:th — JXt + JXt - JXt_1 + JXt_l - Xt_1||2:|

3L2 2 — — 2 2
S [l = 3xl” + 1% = R+ xi-1 = I ]

IN

9 9 ] ol ). G0

where (i) uses the mean-squared smoothness of each g; and (i7) uses the update of X; in (5.5). The proof

follows by taking the expectation (5.31) and then using (5.32) and (5.36) in the resulting inequality.

5.6.2.2 Proof of Eq. (5.8)
We recall from (5.27) the following relationship: V¢ > 1,
— V(i) = 8(8ilxi €)= VEGD)) + (1= 8) (8i(xi, €0) — gi(xi_1,€0) + VAi(xi_) = VAi(x))
+(1=8)(vie — VAixi)). (5.37)

Note that the conditional expectation of the first and second term in (5.37) given F; is 0 and that the third

term in (5.37) is Fi-measurable. Following a similar procedure in the proof of (5.31), we have: Vt > 1,

E (v = VAGDIPE] < (1= )2 [viy - VAGE) |+ 26°E [|lgixi, &) — VA |17

+2(1 - B)%E || gi(xi: €) — &i(xi_1, &) — (Vi(xi) = Vi(xi ) || 1]
< (1= B ||viey = VA +26%E [|gilxi. €) - Vx| 17
)

+2(1 - BE [[lgi (x}, €0) — i (xi_1, €D 1 7] (5.38)
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where (i) uses the conditional variance decomposition (5.35). We then take the expectation of (5.38) with

the help of the mean-squared smoothness and the bounded variance of each g; to proceed: Vi > 1,

E[[lvi - V5D’ < (0= 8% [[viey = VAi_)I[] + 2622 + 201 - B2 LE [|xi - xi_,||]
< (1= BB ||[viey - VAG_)|] +26%7
601 = B2L7 (B | = % * 4+ % = R + e = i *])
= (1= BB [|[vi_, - VAc_)|] + 2872 + 601 - §)°L26%E [|v, ]

+6(1 - A LE [[[x; —=o||” + [|xi— — %o ] (5.39)

where the last line uses the X;-update in (5.5). Summing up (5.39) over ¢ from 1 to n completes the proof.

5.6.3 Proof of Lemma 5.5.5
5.6.3.1 Proof of Lemma 5.5.5(a)

Recall the initialization of GT-HSGD that v_; = 0,,, yo = Oy, and v{ = % 1;021 gi(xh,&),). Using the

gradient tracking update (5.4a) at iteration ¢ = 0, we have:
E{llyr = 3y11°] = E[IW (yo +vo = v-1) = IW (3 + vo — v_1)’]
2E[|(W - 3)voll’]
< yE [IIvo = VE(xo) + VE(xo) |

—VZFM% Vixi)|*] + 22 98 (o)

2
= AQZE[H gz (6, €6,0) - Vfi(xé)) ]+)\2 V£ (x0)|?
ZZE[H& xh €6.0) = VIixh)[|*] + A IVEGRo)II (5.40)
i=1r=1

where (i) uses JW = J and the initial condition of v_; and yo, (i) uses |[W — J|| = A, (¢i7) is due to
the initialization of vi, and (iv) follows from the fact that {66}1,56’2, . ,567170}, Vi € V, is an independent
family of random vectors, by a similar line of arguments in (5.32) and (5.33). The proof then follows by

using the bounded variance of each g; in (5.40).
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5.6.3.2 Proof of Lemma 5.5.5(b)
Following the gradient tracking update (5.4a), we have: Vt > 1,
yee1 = Iyl = W (ye +ve = vic1) = IW (i + vi — vi1) ||
2 Wyi = Iy + (W= ) (vi = ver) |
= Wy, — Jyl|* + 2(Wy; = Ty, (W =) (vi = vi1) ) + [(W = T) (v = vi ) |®

(i) 5 9 5 9
< My = Tyl +2<WYt—J}’t7(W—J) (Vt_Vt71)>+)\ Ve —vi—1]l™, (5.41)

=:A;

where (i) uses JW = J and (#i) is due to ||[W — J|| = A. In the following, we bound A; and the last term

in (5.41) respectively. We recall the update of each local stochastic gradient estimator vi in (5.2): V¢t > 1,
vi=gilx, &) + (1= B)viey = (1= Bli(xi1, €0).
We observe that V¢t > 1 and Vi € V,
Vi Vio = gi(xiafi) BV — (1 5)&'(%—1751)

= gi(xivﬁi) - gz‘(xiﬂ»fi) - 5"271 + 582‘("%4152)

= gi(xi. £1) — gilxi_1,€0) — B(Vimy — Vi) ) + B(ilxi_1 ) - VhiliL)). (5.42)
Moreover, we observe from (5.42) that Vi > 1,
E[vi — vio1|F] = VE(x¢) — VE(x¢—1) — ﬁ(Vt—l - Vf(Xt—l))- (5.43)
Towards A;, we have: Vt > 1,

E[4,|F] 2<Wyt ~ Iy, (W= DE[vi — vi1|Fi] >
@ 2<Wyt Jy:, (W —J) (Vf(xt) — VE(x_1) — B(Vier — Vf(xt_1)>>

(i4)
<" 2\ |lys — Iyl - A HVf ;) — Vf(xt_l) - 5(\%_1 — VE( xt_l)) H

(iv) 1 — \2 2
< 2 ||Yt JYt” + HVf Xt Vf(xt 1) 5<Vt71 - Vf(th))’ ,

(v) 1— )2 4)\4L2 4\ 32

= — lye — Iyl e ||Xt x|’ t 1 B 5 [veer = VE(xe—1)II, (5.44)

where (7) is due to the Fi-measurability of y:, (i4) uses (5.43), (ii¢) is due to the Cauchy—Schwarz inequality
and [[W —J| = A, (iv) uses the elementary inequality that 2ab < na”+b?/n, with n = 13- ® for any a,b € R,

and (v) holds since each f; is L-smooth. Next, towards the last term in (5.41), we take the expectation
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of (5.42) to obtain: Vt > 1 and Vi € V,
E[[[vi = vioall’] < 3E [leitxt, €0) — gilxioy, D] + 36%E [vi_y = Vitxi_y)|]
+36°E [[|gi (xi_1, €1) — Vx|
< BL%E [[xi - xi_a||”] + 36°E Vi, - VAx_)|] + 3857, (5.45)

where (5.45) is due to the mean-squared smoothness and the bounded variance of each g;. Summing up (5.45)

over 7 from 1 to n gives an upper bound on the last term in (5.41): V¢ > 1,
A2E [||vt - vt,lﬂ < 3X2L2E [th - xt,l\ﬂ +30232E [Hvt,l - Vf(xt,l)\ﬂ 302822, (5.46)

We now use (5.44) and (5.46) in (5.41) to obtain: Vt > 1,

1+ A2 TA2L2
E [||Yt+1 - JYt+1||2} < 5 E [||Yt - Jyt||2} + 1_7/\21[-3 [”Xt - Xt71||21|
A2
1 _’iQE [IIVH - Vf(xt_l)IIQ] + 3\ 8%, (5.47)

Towards the second term in (5.47), we use (5.10) to obtain: V¢ > 1,

Ixt = x-1)|? = I — Ixs + Ixp — Ixy1 + Ixeq — x|

—~

1
< 3|Ix; — Ixi||> + 3na? |[Veo1||® + 3 ||xi—1 — Ixy_1]?

N2

IN

6X%? ye — Iye|l® + 3na® [Veor|* + 9 xe1 — Ixea |7 (5.48)

where (i) uses the X;-update in (5.5). Finally, we use (5.48) in (5.47) to obtain: V¢ > 1,

14+ 22 42011202 21\2nL2a2 .
E lyes = Iyiall] < ( SR )E[nytJytnﬂ + B Vel
63A2L2 7232

2 2 2, 022
Y E [||xt,1 —Jx_q]| } + T /\QIE {Hvt,l — VE(x—1)|| ] + 3\ np7 ",

; 1422 | 420%L%a? _ 3422 1-)\2
The proof is completed by the fact that ~5>~ + =55 < =~ if 0 <a < UL

5.6.4 Proof of Lemma 5.5.6
5.6.4.1 Proof of Eq. (5.11)
We recursively apply the inequality on V; from ¢ to 0 to obtain: Vt > 1,

Vi<gVioi+qRy1 +Q+C

< @PVica + (PRi—2 + qRi—1) + (qQi—1 + Q1) + (¢C + O)

t—1 t t—1
<¢Vo+ Y TR+ ¢TI+ 0D g (5.49)
=0 i=1 =0
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Summing up (5.49) over ¢ from 1 to T gives: VT > 1,

5.6.4.2 Proof of Eq. (5.12)

We recursively apply the inequality on V; from ¢ + 1 to 1 to obtain: Vt > 1,

Vier < ¢gVi+Ri1+C

< Vi1 + (qRi—a + Ri_1) + (¢C + C)

t—1 t—1

<g¢Vit+d ¢ TR+ CY g (5.50)

i=0 =0
We sum up (5.50) over ¢ from 1 to T'— 1 to obtain: VI' > 2,

T—

=

T-1t-—-1

T-1
V15+1<V12q Jrzzqt R, +Cz
=1

t=0 t=0 t=1 i=0

< Vlzq +Z (iq’) Rt+CTZ

1
t=1 i=

t—1
7
q
=0

o0
%

q,
0
and the proof follows by 2 ¢" = (1 —¢)~".

5.6.5 Proof of Lemma 5.5.7
5.6.5.1 Proof of Eq. (5.13)

We first observe that % for 8 € (0,1). Applying (5.11) to (5.7) gives: VT > 1,

1
=a-pp =

T
> E[v- m)m
1 o T—1

- Vf L*a® &
< 2ROl S S ]+ 25 3 s sl + e =] +
~Vf 22 3R 12L2 o 267°T
E [|[¥o > (x0)|1%] ﬁ ZE{” t||} ]E{thfth”?}Jr%. (5.51)

2672T

n
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Towards the first term in (5.51), we observe that

53253 (st - wrst) ]

é ﬂ2b2 ZZE |: ’gl X07£Or vfz H } < % (5.52)

0 i=1r=1

E [|[¥o - VF(xo)|*] = E

where (7) follows from a similar line of arguments in (5.33). Then (5.13) follows from using (5.52) in (5.51).

5.6.5.2 Proof of Eq. (5.14)

We apply (5.11) to (5.8) to obtain: V1" > 1,

S [Ive = VEGe) ]

t=0
E [|lvo — V£ L6 L2 21! &
< Ellro= TRl Ol 5 [t + % 5 & [l = e+ o = ] 207
t=0
E [||vo — VE L6 L2 12L2 d
< Ellvo = VEGallF] , om ZE[H viIP] + E [l — 32| +2n87°T: (553)
t=0

In (5.53), we observe that

E[nvrvax@)n?]:ZE (:(x6, €0,1) = Vi(x}) M

>

" —2
b2 ZZE [ng X0?£Or vfz H :| < nT (554)

0 4=1r=1

—
.
=

where (4) follows from a similar line of arguments in (5.33). Then (5.14) follows from using (5.54) in (5.53).

5.6.6 Proof of Lemma 5.5.8

We recall that ||x; — Jx;|| = 0, since it is assumed without generality that xj), = xJ for any i,j € V.

Applying (5.11) to (5.9) yields: VT > 1,

a 4/\ a?
Dl = Ix|* < =2 Z lye — Iyl (5.55)
t=0
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To further bound ZtT:l ly: — Jyt||2, we apply (5.12) in Lemma 5.5.5(b) to obtain: if 0 < a < 2\}412);%,
then VI > 2,
T
S [llye - Iyl
t=1
AE [[lyr — Iy 84)\2nL2 2 2 252)\2L2 =
= | 1- X2 ] )2 ZE 19:1%] (=S Z]E % — Ixt]|”]
N 28\232 T*QE[HV )] + 12A2n52v2T
(1—a2)2 = "L ! 1 a2
84N2nL2a? 2 252/\2L2 =2
< NS ZE [[1%¢]1%] a2 ZE [l — Ix?]
t=0
28A232 12N B22T 4N | VE(xo)|®  4x2np?
E —Vf 2 5.56
(1 _ )\2)2 s [Hvt Y% (Xt)H ] + 1— )2 + 1— A2 (1 — )\Q)bo’ ( )

where the last inequality is due to Lemma 5.5.5(a). To proceed, we use (5.14), an upper bound on Y, E [||v; —

n (5.56) to obtain: if 0 < o < —2=22_ and B € (0,1), then VT > 2,

2V/42)2 L
T T—2 T-1
252/\ nL2 2 588>\2L2
> E [y - Iyl < ZE 1%:”] + o ZE e — Jx]1?]
28A2nﬁv 56A2n53v2T 12020 B202T X2 |VE(xo)|®  4x2np?
1—A2)2b | (1—A2)2 1- a2 1- a2 (1— \2)bo
252\2nL2a? = 588>\2L2 =
(SN E [Iv:1?] ESYE ZE l[x¢ — Ixq]|]
t=0
2
75 AN np? 148 ANBPTPT AN || VE (o) ||
1 G
+(1—)\2+)(1—/\2)b0+<1—/\2+3> 2 o (5:57)

Finally, we use (5.57) in (5.55) to obtain: VT > 2,

T T-2 T-1
o1 _ 1008\4nL2a4 o1 2352X%L202 )
DR [Ihe — 3xl] < S5 > E (190 + =g 2 Bl — Tl

(T ) Loxtrta HB ) 16N P2’ | 16A || VE(xo) s
12 T A2, \T- a2 e TEPOE

which may be written equivalently as

2352)\4L2 2 1008)\4nL2 a2 16\*np2a?
(1 >ZE[”Xt Jx| } ZE 19:11°] < 1) 1= 2250,
14 160082202 16X\ ||VE 2 a2
+ 752 3) WNnFT?T X[ V(o) Lo g
T— (1—A2)3 (1—A2)3

We observe in (5.58) that % <lifo<ac< (ioj‘%) , and the proof follows.
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5.7 Conclusion

In this chapter, we propose GT-HSGD, a stochastic variance-reduced gradient algorithm as an instance of the
GT-VR framework developed in Chapter 2, for decentralized non-convex expected risk minimization problems
with mean-squared smoothness. It is shown that GT-HSGD achieves an improved oracle complexity compared
to the existing decentralized stochastic gradient methods. Furthermore, we show that the oracle complexity
of GT-HSGD, when the required error tolerance is small enough, reduces to O(e~?), which is independent of
the network topology and matches that of the centralized optimal methods for this problem class. To the

best of our knowledge, this is the first such result in the literature.



Chapter 6

Decentralized Stochastic Non-Convex

Composite Optimization

In this chapter, we consider decentralized non-convex composite problems, where the goal of the networked
nodes is to find a first-order stationary point of the average of local, smooth, possibly non-convex risk func-
tions plus an extended valued, convex, possibly non-differentiable regularizer. This non-convex non-smooth
composite problem may be viewed as a generalization of the problems considered in the previus chapters.
To tackle this general formulation, we develop a unified stochastic gradient tracking framework, ProxGT,
that allows flexible constructions of local stochastic (variance-reduced) gradient estimators. For definite-
ness, we construct instantiations of ProxGT by specifying appropriate local estimators for several problem
classes of interest. For each problem class, an instance of ProxGT achieves gradient and communication com-
plexities that match that of the corresponding centralized optimal methods. Several intermediate technical
results in the convergence analysis are of independent interest. Numerical simulation results are included to

demonstrate our theoretical claims.’

6.1 Introduction

Decentralized optimization, also known as distributed optimization over graphs, is a general parallel compu-
tation model for minimizing a sum of cost functions distributed over a network of nodes without a central
coordinator [33]. This cooperative minimization paradigm, built upon local communication and computation,
has numerous applications in estimation and learning problems that arise in multi-agent systems [21,31,37].
In particular, the sparse and localized peer-to-peer information exchange pattern in decentralized networks

substantially reduces the communication overhead on the parameter server in the centralized networks, thus

IThe content presented in this chapter can be partially found in [164].

166
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making decentralized optimization algorithms especially appealing in large-scale data analytics and machine
learning tasks [2,3,29,40,41,165].
In this chapter, we consider the following decentralized non-convexr non-smooth composite optimization

problem defined over a network of n nodes:

n
min W(x) = F(x) +h(x), F(z) = % Z; Fi(%). (6.1)
Here, each f; : RP =R is smooth, possibly non-convex, and is only locally accessible by node ¢, while A :
RP — RU {400} is convex, possibly non-differentiable, and is commonly known by all nodes. In particular,
each f; is a cost function associated with local data at node i, while h serves as a regularization term that
is often used to impose additional problem structure such as convex constraints and/or sparsity; common
examples of h include the indicator function of a convex set or the ¢1-norm. The communication over the
networked nodes is abstracted as a directed graph G := (V, £), where V := {1,--- ,n} denotes the set of node
indices and £ C V x V collects ordered pairs (i,r), 4,7 € V, such that node r sends information to node i.

Our focus in this chapter is on the following formulations of the local costs {f;}7; that frequently appear

in the context of machine learning [7]:

o Expected risk. In this case, each f; in Problem (6.1) is defined as

fz(x) = E§L~D7 [Gl(xagz)]v (62)

where &, is a random data vector supported on =; C R? with some unknown probability distribution D;
and G; : R? x R? — R is a Borel function. The stochastic formulation (6.2) often corresponds to online
scenarios such that samples are generated from the underlying data stream in real time at each node ¢,

in order to construct stochastic approximation of f; for the subsequent optimization procedure [166].

o Empirical risk. We are also concerned with a special case of (6.2), i.e., when &, has a finite support

set Z; :={&; (1), » & (m)} for some m > 1 and each f; takes the deterministic form of
1 m
fi(x) = m ZGi (X, ﬁi,(s))- (6.3)
s=1

As an alternate viewpoint, the formulation (6.3) may be considered as the sample average approxi-
mation of (6.2), where {§; (1), - ,&; (m)} take the role of offline samples generated from the distribu-
tion D; [167]. We are particularly interested in modern-day big-data scenarios, where the local sample
size m is very large and thus stochastic gradient methods are often preferable over exact gradient ones

that use the entire local data per update.
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The above formulations are quite general and have found applications in, e.g., sparse non-convex linear
models [146], principle component analysis [129], and matrix factorization [168]. Our goal in this chapter is
thus on the design and analysis of efficient decentralized stochastic gradient algorithms to find an e-stationary
point of the global non-convex non-smooth composite function ¥ in Problem (6.1) under expected risk (6.2)

or empirical risk (6.3).

6.1.1 Related work

The last decade has witnessed a growing literature in the area of decentralized optimization; see, e.g.,
survey articles [14,27]. For convex composite problems, we refer the readers to, e.g., [74,75,169-172] and
the references therein. On the other hand, the work on decentralized methods for non-convex non-smooth
composite problems is fairly limited. In the following, we review the existing results that are closely related
to Problem (6.1) under either (6.2) or (6.3).

The first algorithmic framework for decentralized non-convex composite problems was proposed by [55],
where h is handled in a successive convex approximation scheme with the help of gradient tracking. Refer-
ence [173] presents decentralized proximal gradient descent which tackles h via proximal mapping. These
works [55, 173], however, require the gradient of F' and the subdifferential of h to be uniformly bounded.
These boundedness assumptions are removed in [129,174], where unbalanced directed graphs and compres-
sion are also considered respectively. A decentralized Frank-Wolfe method is proposed in [72] to handle
the case where h is the indicator function of a convex compact set. We note that the aforementioned re-
sults [55,72,129,173,174] are exact gradient methods, which are in general not applicable to the expected
risk (6.2) and also may not be sample-efficient in the empirical risk setting (6.3) when the local data size m is
relatively large. Towards stochastic gradient methods, [175] analyzes a projected DSGD method for problems
with compact inequality constraints. Reference [42] establishes the asymptotic convergence of DSGD for a
family of non-convex non-smooth coercive functions. A recent work [176] presents SPPDM, a decentralized
stochastic proximal primal-dual method, and provides related convergence guarantees under the assumption
that the epigraph of h is a polyhedral set.

To the best of our knowledge, the decentralized stochastic optimization literature lacks non-asymptotic
gradient and communication complexity results for the non-convexr non-smooth composite problem under a

general convex, possibly non-differentiable reqularizer h. We address this gap in this chapter.
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Table 6.1: A summary of the gradient and communication complexities of the instances of ProxGT studied in
this chapter for finding an e-stationary point of the global composite function ¥ over an undirected network.
In the table, n is the number of the nodes, (1—A.) € (0, 1] is the spectral gap of the weight matrix associated
with the network, L is the smoothness parameter for the risk functions, A is the function value gap, v? is
the stochastic gradient variance under the expected risk, m is the local sample size under the empirical risk.
The MSS column specifies whether the convergence of the algorithm in question requires the mean-squared
smoothness assumption.

Algorithm Sample Complexity at Each Node Communication Complexity | MSS Remarks
——— 0 (ﬁfj) oLy Josn ) x | Population
ProxGT-SR-0 (@) (17;?3’/ + ;:;) < ((l;é + %) ’ /7110g7n)\*) v P;;I;El?élg;I
ProxGT-SR-E | O (I;—QA max { \/é, 1} + max {m, \/W}) @) ((I;—QA + \/W) . \/1177)\*) v/ gf;lfl(récgi

6.1.2 Main contributions

We develop ProxGT, a unified stochastic proximal gradient tracking framework for designing and analyzing
decentralized methods for the general non-convex non-smooth composite problem. ProxGT allows flexible
construction of local gradient estimators, where a suitable one may be chosen in light of the underlying

problem specifications and practical applications. We highlight our main contributions in the following.

e Algorithms. We present three instances of the proposed ProxGT framework. For the general expected
risk, we develop ProxGT-SA by using the minibatch stochastic approximation technique [177]. Lever-
aging SARAH/SPIDER type recursive variance reduction schemes [48-50], we provide two accelerated
algorithms, named ProxGT-SR-0 and ProxGT-SR-E, for the population and empirical risk respectively

that outperform ProxGT-SA under a mean-squared smoothness property [149].

e Gradient and communication complexity results. We establish non-asymptotic gradient and
communication complexities of the proposed ProxGT-SA, ProxGT-SR-0, and ProxGT-SR-E algorithms
to find an e-stationary solution of the non-convex non-smooth composite problem; see Table 6.1 for
a summary. Remarkably, these sample complexities at each node are network topology-independent
and are n times smaller than that of the centralized optimal algorithms [48,50,177] implemented on
a single node for the corresponding problem classes. In other words, the proposed methods achieve a

topology-independent linear speedup compared to their respective optimal centralized counterparts.

e Special cases. For the special case h = 0, it is worth emphasizing that ProxGT-SR-E and ProxGT-SR-0
also constitute improvements over the state-of-the-art decentralized variance-reduced methods GT-SARAH [141]

and GT-HSGD [178] for smooth problems in the following sense. For the empirical risk, GT-SARAH attains
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the optimal centralized gradient complexity when the local sample size m is large enough. Similarly,
for the expected risk, the gradient complexity of GT-HSGD is optimal when the required accuracy is
small enough. ProxGT-SR-0 and ProxGT-SR-E relax these regime restrictions and achieve improved
communication complexities simultaneously, by performing multiple (accelerated) consensus updates

per iteration with proper mini-batches.

e Analysis techniques. We establish a new stochastic gradient mapping descent inequality and a new
consensus error bound for the non-convex non-smooth composite problem. Their proofs are novel and
substantially different from their counterparts in decentralized smooth optimization, e.g., [135, 141,
178,179], due to the nonlinear coupling of the proximal mapping, gradient noise, consensus errors, and
non-convexity of the risks. We emphasize that these intermediate technical results are of independent
interest and are instrumental in analyzing other methods based on similar principles, such as proximal
DSGD and its variants. This is because these results hold true regardless of the underlying gradient
estimation procedure. Finally, we note that the convergence analyses of ProxGT-SA, ProxGT-SR-0,
and ProxGT-SR-E are developed in a unified manner and can be used to analyze other instances of the

ProxGT framework.

The set of positive real numbers is denoted by R*. For an integer z > 1, we denote [z] := {1,--- ,2}. We
use lowercase bold letters to denote vectors and uppercase bold letters to denote matrices. The d x d identity
matrix is denoted by I;, while the d-dimensional column vectors of all ones and zeros are represented by 14
and 0g4, respectively. For a matrix X € R its (i,7)-th entry is denoted by [X]i,r. The Kronecker product
of two matrices is denoted by ®. The fs-norm of a vector or the spectral norm of a matrix is denoted by || - ||,
while the ¢;-norm of a vector is denoted by || - ||;. For an extended valued function h : R? — RU {400}, we
denote dom(h) := {x : h(x) < +00}, and h is said to be proper if dom(h) is nonempty. For x € dom(h), we

denote the subdifferential of h at x by 0h(x). The proximal mapping of h is defined as

1
prox;, (x) := argmingcp, {2||u —x||* + h(u)} . (6.4)

Given a o-algebra H and a random vector x, we write x € H if x is H-measurable. We use o(-) to denote
the generated o-algebra.

The remainder of this chapter is organized as follows. Section 6.2 formulates the problems. Section 6.3
develops the proposed algorithmic framework and its instances of interest in this paper. Section 6.4 presents
the main convergence results of the proposed algorithms and discuss their implications. Numerical illustra-
tions are presented in Section 6.5. The convergence analysis outline of the proposed algorithms is provided

in Section 6.6, while the detailed proofs and derivations are presented in Section 6.7.
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6.2 Problem formulation

In this section, we formulate the optimization and network models of interest in this chapter.

6.2.1 The non-convex non-smooth composite model

Throughout this chapter, we make the following assumption on the objective functions.
Assumption 6.2.1 (Functions). In Problem (6.1), the following statements hold:

(a) h:RP — RU{+o0} is proper, closed, and convex;

(b) Each f; : RP — R is L-smooth, i.e., AL € R, s.t. |[Vfi(x) = Vfi(y)|l < L||x —y||, Vx,y € R?;
(c) ¥ is bounded below, i.e., ¥ := infygr ¥(x) > —o0.

Assumption 6.2.1 characterizes the standard non-conver non-smooth composite model [10], where a point

X € dom(h) is said to be stationary for Problem (6.1) if
—VF(X) € Oh(X). (6.5)

A simple example of an extended valued function h that satisfies Assumption 6.2.1(a) is the indicator of a

nonempty, closed, and convex set in RP.

Remark 6.2.1. It is shown in [10] that the stationary condition (6.5) is a necessary condition for a point X

to be a local optimal solution of Problem (6.1).

With the help of the proximal mapping (6.4), it can be shown that the stationarity condition (6.5) is

equivalent to a fixed point equation [10], i.e., X € R? is stationary for Problem (6.1) if and only if
X = prox,, (X — aVF(X)), Va > 0. (6.6)

In view of (6.6), we define the gradient mapping [8,10] for Problem (6.1): ¥x € dom(h),

1
s(x) := — (x — Prox,, (x — aVF(X))), (6.7)

!
where « > 0. We note that the gradient mapping s(x) can be viewed as a generalized gradient of ¥ at x in
the sense that s(x) = VF(x) if h = 0. The size of s(-) thus serves as a natural measure for the approximate

stationarity of a solution [8,10].

Definition 6.2.1 (e-stationarity). Under Assumption 6.2.1, we say a random vector x € dom(h) is an

e-stationary solution for Problem (6.1) if E||s(x)]]] < €, where o(+) is defined in (6.7).
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6.2.2 The network model

We consider the following assumption on the directed graph G = (V, £), which characterizes the decentralized

communication between the networked nodes.

Assumption 6.2.2 (Network). The directed network G = (V,E) is strongly connected. Moreover, there

exists a weight matriz W, € R"*™ associated with G that satisfies the following conditions:
(a) [Wilir>0,i4f (i,r) €E;
(b) (W.liw =0, if (i,7) & &
(c) W,1,=W/1, =1,.
Under Assumption 6.2.2, it is well known that the consensus weight matrix W, is primitive and doubly
stochastic [27,36], i.e.,

A=W, = 11,17 € 0,1). (6.8)

We refer (1 — \,) € (0,1] as the spectral gap of G which characterizes the connectivity of the network.

6.2.3 Stochastic gradient models

We make a blanket assumption that each node ¢ at every iteration ¢ is able to obtain i.i.d. minibatch samples

{€&! .5 €[by]} for the local random data vector ;. The induced natural filtration is given by, Vt > 2,

Fei=o0(&,:VieV,seb],1<r<t—1), (6.9)
while /7 is the trivial o-algebra. Intuitively, the filtration F; collects the historical information of an

algorithm that constantly samples &, up to iteration ¢. We require that the stochastic gradient VG(-,§;) is

conditionally unbiased.
Assumption 6.2.3 (Unbiasedness). Vi € V, Vi > 1, Vx € F;, we have E[VG;(x,&,)|F;] = V fi(x).

Remark 6.2.2. Under the empirical risk formulation (6.3), Assumption 6.2.3 amounts to uniform sampling

indices at random from [m] at each node.

We next consider a bounded variance assumption [8] for the stochastic gradient VG(-, €;), which will be

used in the expected risk setting (6.2).

Assumption 6.2.4 (Bounded Variance). Letv; € RY, Vi € V. We have E[||VG;(x,&,) =V fi(x)|?|F] <

V2, VE>1,Vx € Fy, VieV; v? =150 2
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We are also interested in the case when the stochastic gradients further satisfy a mean-squared smoothness

property [149], which is often satisfied by many machine learning models [8].

Assumption 6.2.5 (Mean-Squared Smoothness). Let L € Rt. For the expected risk (6.2), we have
E[IVGi(x,€) - VGi(y,&)I1P] < L*E[|lx - y|?],
foralli €V and x,y € RP. In the case of empirical risk (6.3), the above statement reduces to

1 m
— Y [IVGi(x.6i ) = VGily & ) < 2%~ v,
s=1

foralli €V and x,y € RP.

6.3 Algorithm development
A popular centralized fixed-point method to solve (6.6) is the proximal gradient descent method [10]:
Xi41 = ProXy, (x¢ — aVF(xy)), Vit > 1, (6.10)

where o > 0. However, (6.10) cannot be directly implemented in a decentralized manner. The main challenge
lies in the fact that the global gradient VF cannot be computed via one-shot aggregation of local gradient
information in decentralized networks. Moreover, the local gradients {V f;}_; are often significantly different
due to the heterogeneous data across the nodes, making the classical gradient consensus approaches [27] less
effective especially in the non-convex settings [141]. One popular technique to overcome these issues is
gradient tracking [55,65], which has been adopted in several decentralized stochastic gradient methods for
smooth non-convex problems; see, e.g., [4,135,150,178,179]. Inspired by these works, we propose a general
proximal stochastic gradient tracking framework, termed as ProxGT, to tackle the non-convex non-smooth

composite Problem (6.1).

6.3.1 A generic algorithmic procedure

We now describe the proposed ProxGT framework. At every iteration ¢, each node 4 in the network retains
three local variables x¢, vi, and y!, all in RP, where x! approximates a stationary point of Problem (6.1),
vi estimates the local exact gradient Vf;(x?) from the samples generated for £, and y! tracks the global
gradient VF(x!) via a stochastic gradient tracking type update [67] from the local gradient estimates {vi}7 ;.

With the global gradient tracker y¢ at hand, each node i performs a local inexact fixed point update for (6.6):

(e i i
Zipy 1= PIOX,, (X; — ayig),
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Algorithm 7 ProxGT for Problem (6.1)

Require: x; =1, ®X1; K; a; y1 = Opp; vo = Opyp.
1: fort=1,---,T do
2. Generate an estimator v} of V f;(x}), Vi.

3: Tracking: y;41 = WE (yt + vy — vt,l).

4:  Prox-Descent: zi,, = prox,, (xi — ayi,,), Vi.
5: Consensus: X;11 = Wz .
6: end for

where a > 0 is the step-size. The local solution x} _; at the next iteration is then updated by performing

consensus on the intermediate variables {z{ ,}"_; over the network. For the ease of presentation, we define
W =W, ®L,.

and the global variables x;, v, y¢, z; which concatenate their corresponding local variables, i.e.,

1 1 1 1
X Vi Yi Zy
Xt = , Vi = y Yt = y Lt = )
n n n n
X Vi Yi Zy

all in R™. With the help of these notations, we formally present ProxGT in Algorithm 7 from a global view.

Remark 6.3.1. In Algorithm 7, the decentralized propagation and averaging of local variables over the
network appear as matrix-vector products, while the node-wise implementation of ProxGT can be obtained

accordingly.

Remark 6.3.2. We note that WX leads to K decentralized averaging step(s) over K rounds of communi-
cation in the corresponding update. This multi-consensus update with an appropriately chosen K is often

helpful to achieve faster convergence in the corresponding algorithms [120, 171, 180].

It is straightforward to show by induction that the y-update in Algorithm 7 satisfies an important

dynamic tracking property [51]:

1o . 1o
— == ’ Vi > 1. 6.11
n;}’t-i-l n;\’t = ( )

In view of (6.11) and the recursion of Algorithm 7, it is expected that each y% approaches %2?21 vi and
thus asymptotically tracks the global gradient VF(x?).

Clearly, different choices of the gradient estimator vi lead to different instances of the ProxGT framework.
Many local gradient estimation schemes are applicable here, such as the minibatch stochastic approximation

[166,177] and various variance reduction schemes, e.g., [49,50,59,62]. As we explicitly show next, a suitable

choice can be made in light of the underlying problem class and practical applications.
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Algorithm 8 ProxGT-SA for Problem (6.1) with (6.2)

Ensure: Replace Line 2 in Algorithm 7 by the following for all i € V.
Require: b.
1: Obtain i.i.d samples {£] , : s € [b]} for &,.

) b ;
2: VZE = %Zszl VGZ(szé.f,s)

Algorithm 9 ProxGT-SR-0 for Problem (6.1) with (6.2)

Ensure: Replace Line 2 in Algorithm 7 by the following for all i € V.
Require: B, b, q.

1: if ¢t mod ¢ = 1 then

2: Obtain i.i.d samples {{;S : s € [B]} for &,.

3 Setvii=F 30 VG, L)

4: else

5: Obtain i.i.d samples {&! , : s € [b]} for &,.

6 Vim0 (VG &) = VGilxion €1) + vior

7: end if

6.3.2 Instances of interest

In this section, we present several instances of ProxGT that are of particular interest for the population and
empirical risk formulations considered in this chapter.

Expected risk minimization. A natural choice of the gradient estimator v¢ in ProxGT is the minibatch
stochastic approximation [177]. The resulting instance, called ProxGT-SA, is presented in Algorithm 8. An
alternate approach is to construct the gradient estimator vi in ProxGT via an online SARAH type recursive
variance reduction scheme that effectively leverages the historical information to achieve faster convergence.
When Assumption 6.2.5, the mean-squared smoothness, holds, the resulting algorithm ProxGT-SR-0, given
in Algorithm 9, shows superior performance over Algorithm 8.

Empirical risk minimization. We now consider Problem (6.1) under the empirical risk (6.3). Although
ProxGT-SA and ProxGT-SR-0 developed in Section 6.3.2 remain applicable, the finite-sum structure of each f;
under (6.3) lends itself to faster stochastic variance reduction procedures [48-50]. In particular, we replace
the periodic minibatch stochastic approximation step in ProxGT-SR-0 by exact gradient computation. This

corresponding implementation, named ProxGT-SR-E, is presented in Algorithm 10.
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Algorithm 10 ProxGT-SR-E for Problem (6.1) with (6.3)

Ensure: Replace Line 2 in Algorithm 7 by the following for all i € V.
Require: b, q.

1: if t mod ¢ = 1 then

2: Set vi = Vfi(x}).

3: else

4 Obtain iid. samples {&] : s € [b]} for &,.

5: vi = %Zzzl (VGi(XLEZs) - VGi(Xi—héE,s)) + Vi1

6: end if

6.4 Main results

In this section, we present the main convergence results of the proposed algorithms and highlight their
implications. Throughout this section, we let Assumption 6.2.1, 6.2.2, and 6.2.3 hold without explicit
statements. The iteration complexity of the ProxGT family is quantified in the following sense, while the

gradient and communication complexities can be obtained accordingly.

Definition 6.4.1 (Iteration Complexity). Consider the random vectors {xi} generated by ProzGT. We

say that ProzGT finds an e-stationary point of Problem (6.1) in T iterations if

1 1
P

t=1 =1

E[[ls () |* + £2[xi -] *] < ¢ (6.12)

n

where Xy := = 3" | x! and the gradient mapping s(-) is defined in (6.7).

In view of Definition 6.2.1, if (6.12) holds true and we select the output, say X, of ProxGT uniformly at

random from {x! : ¢t € [T],i € V}, then E[||s(X)||] < ¢, i.e., X is an e-stationary solution for Problem (6.1).

6.4.1 Gradient and communication complexity

For ease of presentation, we define

A=0x)-¥ and =197 |V (6.13)

T n
Note that O(-) in this section only hides universal constants that are not related to the problem parameters.

Theorem 6.4.1 (Convergence of ProxGT-SA). Consider Problem (6.1) under the expected risk (6.2) and
let Assumption 6.2.4 hold. Set K = %, a = %, b = n”—; in ProxGT-SA. Then ProzGT-SA finds an e-

stationary solution in O(LE—QA) iterations, leading to

2
o(5)
ne
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stochastic gradient samples at each node and

LA log(n()
© <e2 1o, )

rounds of communication over the network.

In view of Theorem 6.4.1, ProxGT-SA achieves a topology-independent gradient complexity at each
node that exhibits linear speedup against the centralized optimal minibatch stochastic proximal gradient
method [149,177] execuated on a single node. To the best of our knowledge, this is the first time that such
gradient complexity result is established in the literature of the general decentralized non-convex non-smooth

composite expected risk minimization problems.

Theorem 6.4.2 (Convergence of ProxGT-SR-0). Consider Problem (6.1) under the expected risk (6.2) and
b

let Assumption 6.2.4 and 6.2.5 hold. Set K =< M, a = %, q=z,

2 .
T = =, B < % in ProxGT-SR-0.

LAv V2
O(ms+mﬁ

stochastic gradient samples at each node and

o((22+) 59)

rounds of communication over the network.

Theorem 6.4.2 shows that ProxGT-SR-0 attains a topology-independent gradient complexity at each node
that exhibits linear speedup compared to the centralized optimal proximal online variance reduction methods
[48, 50, 149] implemented on a single node. To the best of our knowledge, this is the first such gradient
complexity result in the literature of the decentralized non-convex non-smooth composite expected risk
minimization problems with mean-squared smoothness.

For the special case h = 0, ProxGT-SR-0 also improves the state-of-the-art gradient complexity result
given by GT-HSGD [178] for smooth problems in the following sense. GT-HSGD achieves the optimal gradient
complexity in the regime where the error tolerance € of the problem is small enough, i.e., € < (1 — \,)3n~L.

ProxGT-SR-0 removes this regime restriction by performing K =

1
% rounds of consensus update per

iteration.

Theorem 6.4.3 (Convergence of ProxGT-SR-E). Consider Problem (6.1) under the empirical risk (6.3) and

let Assumption 6.2.4 and 6.2.5 hold. Set K =< f‘igf cax 1, g=/nm, b<max{/Z, 1} in ProxGT-SR-E.

Then ProxzGT-SR-E finds an e-stationary solution in O(Z—QA + \/nm) iterations, leading to

0 (Lﬁ max{\/f,l} + max {m, m})
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stochastic gradient samples at each node and

o (12 +vim) - 156 )

rounds of communication over the network.

Theorem 6.4.3 indicates that under a moderate big-data condition m 2 n, ProxGT-SR-E achieves a
topology-independent gradient complexity of O (LE—ZA\/% + m) at each node, leading to a linear speedup
compared to the centralized optimal proximal finite-sum variance reduction methods [48, 50] implemented
on a single node. To our knowledge, this is the first such gradient complexity result for decentralized
non-convex non-smooth composite empirical risk minimization.

For the special case h = 0, ProxGT-SR-E also improves the state-of-the-art gradient complexity result
achieved by GT-SARAH [141] for smooth problems in the following sense. The gradient complexity of GT-SARAH
is optimal in the regime that the local sample size is large enough, i.e., m > n(l — \.)~®. ProxGT-SR-E

improves this regime to m 2 n by performing K =< f‘ig/\c rounds of consensus updates per iteration.

Remark 6.4.1. In Theorem 6.4.1, 6.4.2, and 6.4.3, we set the number of communication rounds per iteration
in ProxGT as a nontrivial constant K > 1 to obtain satisfactory gradient and communication complexities
for Prox-SA, Prox-SR-0, and Prox-SR-E respectively. The complexity results of these algorithms for the
case K =1 can be obtained by slightly modifying the proofs of Theorem 6.4.1, 6.4.2, and 6.4.3 given in the

appendix.

6.4.2 Improving communication complexity via accelerated consensus

It is possible to employ accelerated consensus algorithms, e.g., [77,181], to implement the multiple consensus
step WX in ProxGT to achieve improved communication complexities when the network is undirected.

The basic intuition is that the standard consensus algorithm x;.; = Wx; returns an J-average of the

1

= log %) rounds of communication, while the accelerated consensus methods only take

initial states in O(

O(ﬁ log %) rounds of communication.
In particular, we can replace WX by a Chebyshev type polynomial of W see, e.g., [77,142], for details.

In this case, the communication complexity of ProxGT-SA stated in Theorem 6.4.1 improves to

0 (I;ZA . \1;1?5(_#) 7 (6.14)

and the communication complexity of ProxGT-SR-0 stated in Theorem 6.4.2 improves to

o((22+2) 252)
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Table 6.2: Datasets used in numerical experiments, available at https://www.openml.org/.

Dataset | train (nm) | dimension (p)
nomao 30,000 119
w8a 60,000 300
creditcard 100,000 29

and the communication complexity of ProxGT-SR-E stated in Theorem 6.4.3 improves to

o (2+) 455).

while their sample complexities remain the same; we omit the detailed calculations here for conciseness. We
note that the communication complexity of ProxGT-SA in (6.14) attains the lower bound provided in [179]
for problems without the mean-squared smoothness and is hence optimal. Moreover, the communication
complexity of ProxGT-SR-0 and ProxGT-SR-E in (6.15) and (6.16) outperforms the respective state-of-the-
art variance-reduced methods [141,178] for smooth problems with mean-squared smoothness, with the help

of multi-round accelerated consensus and proper mini-batches per iteration.

6.5 Numerical experiments

In this section, we numerically demonstrate the performance of the proposed ProxGT framework with the
help of a sparse non-convex linear model [146] for decentralized binary classification problems.
Setup. In view of Problem (6.1), each local risk f; and the convex non-smooth regularizer h take the

following form:

m

> t(bij-alx) and h(x) = c|x|,

j=1

1
m

fi(x) =

where £ : R — R is given by ,
1
l(u) = (1 - 1—|—exp(—u)> .

Here, a; ; € R? is the j-th feature vector at the i-th node, while b; ; € {—1,+1} is the label for a; ;. It can
be verified that ¢ is %—smooth and non-convex. We normalize each feature vector such that ||a; ;|| = 1, V4, j,
so that each f; satisfies the mean-squared smoothness property with parameter %. We set ¢ = 1072 across
all experiments, resulting in a relatively sparse solution, while the underlying network is an undirected
geometric graph with 100 nodes. The doubly stochastic network weight matrix W, is formulated by the
lazy Metroplis rule [27], leading to a spectral gap (1 — A,) = 0.05. A summary of the datasets used in the
experiments is provided in Table 6.2.

Algorithms. Under the above formulation, we compare the ProxGT-SA and ProxGT-SR-0 algorithms

proposed in this chapter to SPPDM [176], the state-of-the-art decentralized stochastic proximal gradient
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Figure 6.1: Sample efficiency comparison of ProxGT-SA, ProxGT-SA-0, and SPPDM on the nomao, w8a, and

creditcard datasets over an undirected geometric graph with 100 nodes.
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Figure 6.2: Communication efficiency comparison of ProxGT-SA, ProxGT-SA-0, and SPPDM on the nomao,
w8a, and creditcard datasets over an undirected geometric graph with 100 nodes.
method. We do not consider ProxGT-SR-E here since it can be viewed as a special case of ProxGT-SR-0
from a practical implementation viewpoint. We measure the performance of the algorithms in terms of the
stationary gap ||s(X)||, given in Definition 6.2.1, versus number of samples and rounds of communication,
where X := % > i1 X; with x; being the model at node i. For the sake of fair comparison, we set K =1 in
ProxGT and tune the algorithmic parameters by grid search for ProxGT-SA, ProxGT-SR-0, and SPPDM.
Observations. The experimental results are shown in Fig. 6.1 and 6.2. We observe that ProxGT-SA is
more sample-efficient than SPPDM with a similar level of communication efficiency. Notably, ProxGT-SR-0
significantly outperforms ProxGT-SA and SPPDM in terms of both gradient and communication efficiency,

demonstrating the benefit of variance reduction.

Remark 6.5.1. It is worth mentioning that SPPDM is significantly more difficult to tune than the ProxGT
family since the former has 7 algorithmic parameters to be optimized. Moreover, we emphasize that SPPDM
is only provably applicable when the epigraph of h is a polyhedral set [176], while ProxGT does not have this

restriction.
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6.6 Outline of the convergence analysis

In this section, we describe a unified analysis for the proposed Prox-GT framework. Throughout the rest of

the chapter, we let Assumption 6.2.1, 6.2.2, and 6.2.3 hold without explicit statements.

6.6.1 Preliminaries

We start by introducing some additional notations for Algorithm 7, 8, 9, and 10. We find it convenient to

abstract the local proximal descent step by a stochastic gradient mapping: V¥t > 1 and ¢ € V,
gl = =~ (xi —ziyq). (6.17)

For all £t > 1, we let

gl Viix;)
gt = 5 Vf(Xt) = : s

and define the following network mean states:
- IR = I~ = I~
Xt ::ﬁgxw Y .:ﬁ;yt’ Zy .:E;Zt,
= IR - IR oF 1 ¢ i
Vi = EZ;V“ 8 = Ezlgtv V(%) = ;;sz(xt)
In addition, we define the exact averaging matrix
1 T
J = Elnln ® Ip
Averaging (6.17) over 4 from 1 to n gives: Vt > 1,
Zt+1 =Xt — O[gt. (618)
We multiply %(1;'; ®1I,) to the x-update of Algorithm 7 to obtain: V¢ > 1,
it-‘rl - Zt_;’_l. (619)
Combining (6.18) and (6.19) yields: V¢ > 1,
Xip1 = Xt — Q8. (6.20)
Throughout the analysis, we fix arbitrary K > 1 and denote

A=\ (6.21)

*
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6.6.2 Basic facts

This section presents several basic facts that are used frequently in our analysis. We make use of a well-known

non-expansiveness result for proximal mappings.

Lemma 6.6.1. [10] Let h : R? — R U {+00} be a proper, closed, and convex function. Then we have the
following:

[proxy, (x) — prox, (y)[| < [[x —yl, Vx,y € R”.
For ease of reference, we give a trivial accumulation formula for scalar sequences with contraction.

Lemma 6.6.2. Let {a;} and {b:} be scalar sequences and 0 < g < 1, such that

A4 < qay + bt; Vit > 1.
Then for all T > 2, we have
T =
Z ap < ar+ — Z by
t=1 1=q l-q¢=
and
T+1 1 I
doa < qaﬁfzbt
t=2 t=2
Proof. The proof follows from standard arguments of convolution sums and we omit the details. O

The following lemma concerns the interplay between W and J. We provide its proof for completeness.
Lemma 6.6.3. The following statements hold for all K > 1.
(a) WEJ = JWE =7J.
(b) [[WHE —J|| = AK.

(c) [[WHEx — JIx|| < AF||x — Jx]|

,Vx € R,
Proof. Since W, is doubly stochastic, we have
WI =JW =], (6.22)
which leads to part (a) by induction. Part (b) follows from
W = 3] = [[(W = )| = A%,

where the first equality uses (6.22) and the second equality uses the definition of the spectral norm of a

matrix. Finally, part (c) is due to

W | = (W ) 33) | < [W 3 3] = A — ]|
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where the first equality uses part (a) and J? = J, and the last equality uses part (b). O
Finally, we present a simple yet useful decomposition inequality.

Lemma 6.6.4. Consider the iterates generated by Algorithm 7. Then we have: YT > 2,

T T T—1
Dol = xalF <6 flxe = Ixe])* +3na® Y g,
t=2 t=1 t=1

Proof. We note that Vt > 2,

2
% — x| = ||xe = Ixg + Ixg — Ixg—y + Ix1 — x|
< 3th — .]Xt”2 + 3n||it — it_1||2 + 3||Xt_1 — JXt_1||2,
< 3llx — Ixe[|* + 3na®|[g,_ [I* + 3lxe—1 — Ixe—1 1%, (6.23)

where the second line uses (6.20). Summing up (6.23) gives

T T T
Sl =1l <33 (ke = Il + ey = Ixea]2) + 3002 g2
t=2

t=2 t=2
T T

<6 Ixe — Ixi|” + +3n0” Y [Ig; I
t=1 t=2

which finishes the proof. O

6.6.3 Descent inequality and error bounds

We first establish a key descent inequality in terms of the value of the global composite objective function W.

This result plays a central role in our analysis.

Lemma 6.6.5 (Descent). Consider the iterates generated by Algorithm 7. If 0 < a < 8%7 then we
have: Vt > 1,
n T n T
1 N 2 8A 1 m - =7 2
LS (Sl 2 gt ) < 22 2SS 63 o S
t=1 \i=1 t=1 i=1 t=1
T T+1
6 5 10 9
+%Z||Xt—JXt|| +;Z\|Yt—JYt|| :
t=1 t=2
Proof. See Section 6.7.1. O

In light of Lemma 6.6.5, our analysis approach is to show that the accumulated descent effect of the
stochastic gradient mappings >, ||gi|| dominates the accumulated consensus, variance, and gradient track-
ing errors up to constant factors. To this aim, we establish useful error bounds for different algorithms. The

following one is a consequence of the non-expansiveness of the proximal operator.
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Lemma 6.6.6 (Consensus). Consider the iterates generated by Algorithm 7. We have: Vt > 1,

4X20?
ZHXt JXfH 1_)\2 2 ZHyf Jyt

Proof. See Section 6.7.2. O

Remark 6.6.1. It is worth noting that Lemma 6.6.5 and 6.6.6 do not use any properties of the gradient
estimator v;. Therefore they may be of independent interest and used in other decentralized stochastic

proximal gradient type methods for non-convex composite problems.
The next lemma establishes variance bounds for different algorithms.
Lemma 6.6.7 (Variance). The following statements hold.
(a) Let Assumption 6.2.4 hold and consider the iterates generated by Algorithm 8. Then we have: ¥t > 1,

E[|]ve - VEGo)|*] < 2.

(b) Let Assumption 6.2.4 and 6.2.5 hold. Consider the iterates generated by Algorithm 9. Suppose that
T = Rq for some R € Z*. Then we have: VT > q,

T
> e[ v 97 ] < GL"ZE[th 3|7 +

o T—1

S ] + 2

t=1

(c) Let Assumption 6.2.5 hold. Consider the iterates generated by Algorithm 10. Suppose that T = Rq for

some R € Z*. Then we have: VT > q,

ém[uvt—wmﬂl?] 6L"ZE[1xt Ix||] + 4

T-1

Lo S B[]

Proof. See Section 6.7.3. O

Finally, we give tracking error bounds for different algorithms in the following lemma.
Lemma 6.6.8 (Tracking). The following statements hold.

(a) Let Assumption 6.2.4 hold and consider the iterates generated by Algorithm 8. Then we have: VT > 2,

2)\ n( 12)\ na’L 24)\ L
ZE Hyt Jyt” ] (1 _ )\2)2 E[Hgt” 2

t=1

T

Z]E th JXt” ]

4T(2>\2n 1)
b(1— A2)
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(b) Let Assumption 6.2.4 and 6.2.5 hold. Consider the iterates generated by Algorithm 9. Let T = Rq for

some R € ZT and R > 2. Then we have:

T+1 T
2)\211(2 96)\2L2 48)\ na?
S E[ly: — Iyi]?] < Tzt B ZE 1% — Ixe]|*] + Z A
t=2 =1
14/\2Tn1/
(1—N)Bq’

(c) Let Assumption 6.2.5 hold. Consider the iterates generated by Algorithm 10. Let T = Rq for some

ReZ% and R > 2. Then we have:

T+1 2,2 272 T 2, 272 T-1
2\ nC 96)\ L 48 \*na*L _
> Ellly: — Iy:l?] < — E ZE 1% = Ixe|*] + ——55- D Elll&l?]-
= 1= A
Proof. See Section 6.7.4. O

6.6.4 Proofs of the main theorems

We first use the consensus error bound in Lemma 6.6.6 to refine the descent inequality in Lemma 6.6.5.

Proposition 6.6.1. Consider the iterates generated by Algorithm 7. If 0 < o < SL, then we have: ¥t > 1,

T n T
1 NI 2 2
ﬁtz_; (2 HS(Xt)H + L7 ||x — Ix| ) < ? - Z A ‘ + 762 HVt Vf (x¢ H
T+1
o 2 e il
Proof. This result follows by applying Lemma 6.6.6 to Lemma 6.6.5 and [[g,||* < = >, ||gi||*. O
6.6.4.1 Proof of Theorem 6.4.1
We apply Lemma 6.6.6 to Lemma 6.6.8(a) to obtain: VT' > 2,
9640 2L2 = 2)\211( 122%n0%L% 2 AT (2X2n + 1)1
1l— — ]E J E[|g,|? _— 6.24
(1 e 2 Bl = vl < 25+ e Sl + T e (020
Ifo<a< (14;‘22 , then 1 — % > 1 5 and hence (6.24) implies that V1" > 2,
T+1 2, -2 2, 272 T-1 2 2
4X*n( 24\ *na*L _ 8T(2N\*n + 1)v
E —Jy.|I?] < E 2 _— 6.25
tz:; [Hyt YtH ] =12 + (1 — )\2)2 e [”gtH ] + b(]. _ )\2) ( )
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Plugging Lemma 6.6.7(a) and (6.25) into Proposition 6.6.1 gives: if 0 < o < min { (11;))‘\22)2 , é}%, then

E[||sGeh)|* + L7}t - ||’

M=

53

t=1 =1
T T-1
8A 76Tv: 2727 (2\%n + )2 136A%¢%  816A%a2L2 5
< = E El|lg
- Z [H t” ] nb + nb(l - )\2)3 (1 7 )\2)3 (1 7 )\2)4 “|gt|| ]
t=1 t=1
8A 816)\2 2L2 136)\2§2 348Tv? 544\2Tv?
< ——(1- E| : 6.26
= ( )Z LAy e i e T — e (6.26)
From (6.26), we have: if 0 < a < min { 50", g}%, then VT > 2,
136)\2(2 34812 544212
2 p—
nT ZZE[H Xt || + L ||Xt xt“ } )\2)3T nb(l _ )\2)3 + b(l _ >\2)3' (6'27)

t=1 i=1
Recall from (6.21) that A := MK and we set
log(n¢)
11—
O(1). As a consequence, from (6.27) we have: if 0 < a < +, then

K =

so that 25 = O(1), A{ = O(1), An =
" A2
(6.28)

T
2 S R P + 22l - ] £ 2+
Finally, we observe that choosing
1 v La
L’ T ne?’

in (6.28) gives -1 ST S E[|ls(x})[|2+L?||x}—%[|?] < €. The ensuing complexity results follow from the
fact that each iteration of Algorithm 8 incurs b stochastic gradient samples and K rounds of communication

6.6.4.2 Proof of Theorem 6.4.2

Consider T' = Rgq for some R € Z* and R > 2. Plugging Lemma 6.6.6 to Lemma 6.6.7(b) gives:

240202 L2 L? — Tv?
ZE{nw Vi)l < T EbZE{Ilyt ayf] + 2 Z (le]*] + -
L we have:

In particular, if 0 < a < L,
o T— T 2
Z [Hgtu } %. (6.29)

22
ZE“W V()| } WZE[H% ay|] + 1
Applying (6.29) to Proposition 6.6.1 yields: if 0 < o < min {%, \/ %} +, then

iéim[”s(xw + 7w < 22 - (1 qu @ )ZE[HgtH ]
= 76702

110 2
* (1-X%)2n tz:; E[HYt =y ] B
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In particular, if 0 < o < min {%, . %Sq} %, we have:

T n T+1

1 , . SA 1< 110 76702
%ZZE“|S(X§)||2 +L2||Xé *it||2i| < o §ZE[H§tH2] + (1=A%)2n ZE[Hyt 7Jyt||2} + nBV '

t=1 i=1 t=1 t=2
(6.30)
To proceed, we apply Lemma 6.6.6 to Lemma 6.6.8(b) to obtain:
384040202 IN2nC? 4A8XZnalL? 14)2Tny?
- E —Jy?] < E[|g, | —_—. 31
< (1 . )\2)4 ) Z [HYt yt” ] = 12 + (1 _ )\2)2 [Hgt” ] + (1 _ )\2)23(] (6 3 )
t=2 t=1
fo<a< ﬁ, (6.31) implies that
T+1 2, -2 2, 272 T—1 2 2
4 *nC 96 “na”L 28\ T'nv
> Ellye = Iyll’] < 5 T AP Ellgl] + 7—am- (6.32)
2 [ N S = (1— A\2)2Bq
Finally, plugging (6.32) to (6.30), we obtain: if 0 < o < min {i 1§§q7 (12—8//\\2)2 } +, then
T n
1 SA  76Tv? 440)2¢2 3080272
- E| 12|x; - % °] <
n;; [s(x) | + L2[|x; — x| o -7 nB +(1—)\2)3+(1—)\2)4Bq
1 21120>\2 2L2 e 2
-5 (- T ) el
t=1
Hence, if 0 < a < min{%, %gq, (1122;)2} %, then
T n
1 2 , 2 8A 7612 440)2¢? 30807212
LSS s+ 22 -] < 2 G
nT ;; IsG)ll” + L2l =xlI") < G+ S5 + T —ampr * T=0iBe (6.33)
Let € > 0 be given. Recall from (6.21) that A := AX and we set
K = log(nd)
1- X
so that -1 = O(1), A{ = O(1), An = O(1); moreover, we let
b d !
= 1 = —.
g=n a ax 7
As a consequence, we have from (6.33) that
T
]. i 2 2 i A 1/2
- ;;E[stn + Lt —%o|*] S 5= + (6.34)
In view of (6.34), we further choose
LA v?
T=<—+¢q and B=—, (6.35)
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which lead to —= Zle S E[lls(xh)|1? 4+ L2 ||xi — x,]|?] < €2. Since ProxGT-SR-0 requires B samples every

q iterations and b samples at each iteration, its total gradient complexity is bounded by

ofr(o+2)

Setting b = B/q, together with ¢ = nb stated above, gives

B v v
b=\/—=—, and q= —.
n o ne

(6.37)

Applying (6.35) and (6.37) to (6.36) concludes the ensuing gradient complexity and the corresponding

communication complexity is given by TK.

6.6.4.3 Proof of Theorem 6.4.3

Consider T' = Rgq for some R € Z* and R > 2. Plugging Lemma 6.6.6 to Lemma 6.6.7(c) gives:

T 9 T—1

SOE[w - Vo] < i%;fnzbzﬁuyt ayel?] + 2 S B

t=1 t=1

In particular, if 0 < a < ”b i, we have:
T T T—1
. == 2 A2 2 qL?a? 2
> EIw = 9T ] < =y L B[y - 3wl + 5= SB[l o3

Applying (6.38) to Proposition 6.6.1 yields: if 0 < o < min {%, \/ %} +, then

T n

i;z;E[H )2+ L2 — ] <<1 76‘1““ )ZE[HgtH}

110
+ 1- 222 Z E[HYt - JytHQ]
t=2

In particular, if 0 < a < min {%, £/ %gq} %, we have:

T n

1 , , 8A 1< 110 &2
LS sl + 2t —l] < 5 -5 3l + g 2l - vl 0ao)
t=1 t=2

t=1 i=1

To proceed, we apply Lemma 6.6.6 to Lemma 6.6.8(b) to obtain:

384X1° L\ S Wncz A8X2na2L2? L
<1 - (> Z E Hyt Tyl ] — )2 + (1—A\2)2 E[||gt||2] (6.40)
t=1

Ifo<a< %, (6.40) implies that

T+1 2 2 2 2712 T—1

4 *nC 96\°*na”L
§ E —Jy.||?] < + AR 6.41
pot [”yt ytH ] - 1- )\2 (1 _ )\2)2 pot |:||gtH } ( )
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Finally, pluggi in: i ind1  [mb (=X)11
inally, plugging (6.41) to (6.39), we obtain: if 0 < a < min q g, Thag —amz - ( I then

1< . . SA 440022 1 211201202 L2
2 SB[l + 22 =] < B+ s - 5 (1 e )ZE[HgtH J

t=1 i=1

. . 1 nb (1-X2*)2\ 1
Hence, if 0 < o < min { §'\/ Theg’ Ta63* [ T then

n

L 440)2¢?
2 SB[l + 2~ =] < 57 + T (6.42)
t=1 i=1

Let € > 0 be given. Recall from (6.21) that A := AKX and we set

so that -1 = O(1), A\{ = O(1); moreover, we let

1
q = +/nm, b:max{,/rs,l}, axz. (6.43)

As a consequence, we have from (6.42) that

T n IA
%ZZE{H Xt | +L2th_XtH } ST (6.44)

t=1 i=1

In view of (6.44), we further choose

LA

which leads to Zthl S E[lIsxD 1?4+ L2||x; —%¢||?] < €. The communication complexity is thus TK.

Since ProxGT-SR-E requires m samples every ¢ iterations and b samples at each iteration, its total gradient

ofefor3)

Plugging (6.43) and (6.45) into (6.46) concludes the ensuing gradient complexity.

complexity is bounded by
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6.7 Detailed proofs for lemmata in Section 6.6

6.7.1 Proof of Lemma 6.6.5

6.7.1.1 Step 1: Descent inequality for the convex part

First of all, we write the proximal descent step in Algorithm 7 in an equivalent form for analysis purposes.

For allt > 1 and 7 € V, we observe that

. . . . 1 - - 2
Zj | = ProxX,, (xi - O‘yi—&-l) = argming p, {2 ||u —(x; — any_l)H + ah(u)}
. 1
= argminyegy | 5

) 1 .
= argmin, cp, {<y§+1,u> + %Hu - sz + h(u)} .

) ) ) 1 )
e e )

(6.47)

In light of the optimality condition of the strongly convex optimization problem (6.47) and the sum rule of

subdifferential calculus [10], for all ¢ > 1 and ¢ € V), there exists h'(z;,,) € Oh(z},,) such that
1 i Lo i
W (zi41) = —Yiq1 — a(zt+1 - Xt)'
By the subgradient inequality, we have: Vt > 1, Vi € V, and Yu € RP,
h(u) > h(ZiJrl) + <h’(zi+1), u-— Zi+1> ’

which is the same as

h(zi+1) < h(u) + <h'(zi+1),zi+1 - U—> .

Applying (6.48) to (6.49), we obtain: V¢t > 1, Vi € V, and Yu € RP,

h(zzszrl) < h(u) - . <X; - z§+1,u - Z;+1> - <Y%+1azz+1 - U—>~

We have the following algebraic identity: V¢ > 1, Vi € V, and YVu € RP,

o . 1 . 1y . 1, .
(i~ gz = 5zl S I a3

Applying (6.51) to (6.50), we obtain: V¢t > 1, Vi € V, and Yu € RP,

1 1

i) < h) — o (i | o =+ o [l (v )

Setting u := X;, we have: V¢t > 1 and Vi € V,

1
2c
«

, 1 , . ,
hziir) < hR) = o [Re = 2| = 5 (%= 2|l +

%

1 .
= h(X;) — % Hit - z§+1H2 -

- <yt+17 Zi+1 - Xt> )

%0 |x} _itHQ —(Yi1 261 — %)

1. , ,
3 HgtH2 + % HX; - it”2 - <y§+1 —¥Vit1s 21 _§t>

(6.48)

(6.49)

(6.50)

(6.51)

(6.52)

(6.53)
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where the last line uses (6.17). For the second last term in (6.53), we have: V¢t > 1 and Vi € V,
— (Vi1 = Ve Zie1 — Xe) < Vi1 — Ve lllzi — %]
8] i _ 1 i —
< §|‘Yt+1 — Vel + %”Zt+1 - %% (6.54)
where the first and the second line use the Cauchy-Schwarz and Young’s inequality respectively. Plug-
ging (6.54) into (6.53) gives: V¢t > 1 and Vi € V,
1 2, oy _ 9 _ i _
h(zt+1) < h(X:) — || tH + ||Xt Xt” + §||Yt+1 - Yt+1H - <Yt+1azt+1 - Xt>- (6.55)

We now average (6.55) over i from 1 to n to obtain: Vt > 1,

1 n
- > h(zi) < h(r) Z | t|| t Som ||Xt Ixi|? + %||Yt+1 —Iyin|? = (Fes1: 2041 — %)
=1

ZH gill” + 5 I = Ixe[* + o llyess = Iyenl? + @ (Fr0B) . (6:56)

where the second line follows from (6.18). In light of the convexity of h and Jensen’s inequality, for all ¢ > 1
we have that h(Z;11) < 2 37" | h(z},,) and hence (6.56) implies

2 1 « _ _
"+ — lIx: — Ix||” + %Hyt+1 — Iy’ +a(¥i1.8), Vt>1. (6.57)

hEe) <h&) - o= |leill’ + 50

=1

In view of (6.19), we observe that (6.57) is the same as

n
_ _ a in2 1 2 le’ _ _
h(Xt1) < h(Xe) — o ; et + Yam llx: — Ix¢||” + %HYt—H — Iyl + (i1, 8), VE>1. (6.58)

6.7.1.2 Step 2: Descent inequality for the non-convex part
Since F' is L-smooth, we have the standard quadratic upper bound [10]:
F(y) < F(x)+ (VF(x),y —x) + %Hy —x[?, Vx,y eR". (6.59)
Setting y = X;41 and x = X; in (6.59), we obtain: V¢t > 1,
F(®1) < F(%0) + (VF(R), Ko — %) + o %1 — %l
La?

= F(x) —a(VF(X),8,) + 7||gt||2 (6.60)

where the last line is due to (6.20).

6.7.1.3 Step 3: combining step 1 and step 2
Recall that ¥ := F' 4+ h. Summing up (6.60) and (6.58), we obtain: V¢ > 1,

_ - a — in2 1 9 «
U(Xp1) < U(Xi) — o Z let|” + S 3¢ — Ixe]|” + %HYtH = Iyl
i=1

_ o Lo?, 9
+a <Yt+1 - VF(Xt)vgt> + T”gtH . (6.61)
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By the Cauchy-Schwarz and Young’s inequality, we have: Vn > 0 and Vt > 1,

— =\ = L= =12 . "= 2

<Yt+1 - VF(Xt)vgt> < % HYt+1 - VF(Xt)H + 9 I (6.62)
Applying (6.62) to (6.61), we obtain: Vn > 0 and V¢ > 1,

n
_ _ o 112 1 9 leY
V(1) < U(Fe) = o > lsill + Sam e = Ixel|” + o llyeen — Iyl
i=1

na + La?

a 3 - —
+%Hyt+1—VF(Xt)H2+ 5=l (6.63)

6.7.1.4 Step 4: Refining error terms and telescoping sum

We first bound the difference between the local stochastic gradient mapping gi defined in (6.17) and the

exact gradient mapping s(x}) defined in (6.7). Observe that V¢ > 1 and Vi € V,

. , 1/ . , , 1/ . . , 2
it = D" = |2 (xt = prowan i = ayia)) = % (xi = prow x ~ @V () )

1
i
lyiis — VE(D|

= ||Vis1 = Fesr + Feur — V) + VF(X,) - V(x|

. . . ) 2
DrOxs (X = a¥hiy) = proxy, (xi — aVF(x)|

IN

<3|y — yt+1H2 +3[|¥141 — VF(it)H2 +3L%|x, (6.64)

where the third line is due to Lemma 6.6.1 and the last line uses the L-smoothness of F'. Observe that Vt > 1,
4 1 , , .
~[leill” < = 5lIsCD I + llgt - s
1 ‘ , ,
< = SISCDI +31yin = Fraal” 4 3[Fea — VEG[” + 327 % —xi[F, (6.65)

where the first line is due to the standard triangular inequality and the second line uses (6.64). Averag-

ing (6.65) over ¢ from 1 to n gives: Vt > 1,
3L2
—fZ lsi]* < —*Z G + 2 lyes = Iyesal +3 Fres = VEG + =[x = Ix.][*. (6.66)

We now plug (6.66) into (6.63) to obtain: Vn > 0 and V¢t > 1,

32\ 1 5
U(xp11) < U(x) ——ZH il ——ZH SO + (g + 20 ) 3 o= 3l + oy = Iyeal?
3 1 . » o+ La?
+ (2 + ,7) 3 ¥ — VF(Xt)||2 + 77#Ilgt\\2
—9na — 2La?% <~ |, . 1 3 L2
< Wiy - S - S s+ (4 ) = el
=1

%6 9 3 1 _ _
+ EHYH—I = Jyiall” + <2 + 77) 5 (741 — VF(Xt)H : (6.67)
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where the last line is due to [|g,[|? < L 37" | [|gi||*. Setting n = £ and 0 < a < g in (6.67), we have: Vt > 1,

1 3aL
) < 00) = g S - g s+ (g 2 )

9a

+ @Hyprl — Iy ll* + HYt+1 VF(it)H2~ (6.68)

Towards the last term in (6.68), observe that, V¢t > 1,
|41 = VEE)|* = 9 = VE&)?
< 2|, - VE(xo)||* + 2| VE(x:) — VF(x)|”

< 2%, — VE(x) || + 2L2n |, —

(6.69)

where the first line is due to (6.11) while the last line uses the L-smoothness of each f;, i.e.,

n

%Z (Vsitx) - Vil )

i=1

Plugging (6.69) into (6.68), we have: if 0 < o < ==, then V¢t > 1,

J— L2
|VE(x:) — VEE)||” = Z IVfi(xd) = V)| < i~ Ix .

ST
_ : 2 1 4lal2\ 1 )
V(1) < U(x) Z leill” - g ; [s(x)|” + (2(1 +— ) e = x|
Sa 19« — 2
+ T"ytH —Jyen |+ —= e = VEx)||- (6.70)
n 2
Telescoping sum (6.70) over ¢ from 1 to T, we have: if 0 < a < 8L, then
o e~ P12 dal?
W) < o)~ 0SS el - S s+ (o + 12) ! Z e = Il
t=1 i=1 ==
Bar 190
2y
+ n tzzl lyeer — Jyera||” + Z Hvt VE(x; H . (6.71)
With infxere U(x) > ¥ > —oco and minor rearrangement, (6.71) implies the following: if 0 < a < SL, then
1o (& 2 8(\1/(
i 2
- (Z IsGeD|” + 22 1 = I ) < 2T S ZZ lei|” + 762 9. — VEGxo) ||
t=1 \i=1 ==
4 o T+
e 83L2> Z Iy — T2 + 2 Z lye — Iy,
which finishes the proof of Lemma 6.6.5 by 83L? < %
6.7.2 Proof of Lemma 6.6.6
For ease of exposition, we define a block-wise proximal mapping for h:
prox,,(c1) c
prox,,(c) := e R", where c:=|: (6.72)

prox,,(cn) cn,
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such that ¢; € RP,Vi € [n]. In view of (6.72), the x-update in Algorithm 7 can compactly be written as
xi41 = WEprox,, (x; — ay;11), vt > 1. (6.73)

We find the following quantity helpful: V¢ > 1,

nps (6.74)

where the first line uses the definition of W, J, and prox,;,, and the last line is due to the doubly stochasticity
of W,. We are now prepared to analyze the consensus error recursion in the following. For all ¢ > 1, we

have
HXt+1 - JXt+1H2 = HWKPI‘OXah(Xt - 04}’t+1) - JWKPPOXah(Xt - Oé}’t+1)H2
= H (WK —J)prox,, (x; — Oé}’t+1)H2
— H (WK - J) (proxah(xt —ayii1) — prox,;, (Jx; — aJytH)) H2

2

< )\2‘ , (6.75)

Prox,; (x; — ayii1) — prox,, (Jx; — aJYtH)‘

where the first line uses (6.73), the second line follows from Lemma 6.6.3(a), the third line is due to (6.74),

and the last line uses Lemma 6.6.3(b). To proceed from (6.75), we observe that V¢ > 1,

. . 2
ProX,;, (X; — ayi,1) — prox,,(X; — a¥,,1) H

2 n
ProXo,(Xe — a¥i1) — ProXep (Jx; — OéJYtH)H - Z ‘
i=1
- 2
= Z % =% — a(yiy = o)
i=1

= [Jxe = Ixt — a(yes — Jyt+1)H2a (6.76)

where the first and the second line uses (6.72) and Lemma 6.6.1 respectively. We then plug (6.76) into (6.75)

to obtain: V¢ > 1 and Vn > 0,

Ixees = Ixena | < e — T, — ayess = Iy
= N2||xi = I ||” + A2 ||yisn — Tyin|]” — 202 (x, — Ixg, alyiss — Tyirn))
< Nl = Ixe* 4 X202 |[yeir = Tyen || + 207 xe — Ixe[[ [y = Tyean)|
< N1+ ||xe = I + X202 (1 + 07 [yers — Iyena |, (6.77)
where the third and the last line use the Cauchy-Schwarz and Young’s inequality with parameter 7 respec-

tively. Finally, setting n = % in (6.77) yields: V¢t > 1,

1+ A2 2a%(1+ A?)

2 A
e — e+ 20

th+1 - JXt+1H2 < ||Yt+1 - JYt+1H2~ (6.78)
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Applying Lemma 6.6.2 to (6.78), we have: VT > 2,

22 l-l-)\
Z th JXtH ik_# Z HYt+1 J}’t+1||

which finishes the proof of Lemma 6.6.6.
6.7.3 Proof of Lemma 6.6.7
6.7.3.1 Proof of Lemma 6.6.7(a)

We first recall that the gradient estimator vi in Algorithm 8 takes the following form: V¢t > 1 and i € V,

b
§ Xtv zs

@\H

Observe that Vi > 1,
2

el - TR ] =2 || 1 S0 (vt et - wais) | [
= 2;;15[”%* xi,€L.) = VAGD|” |7]
< b 2;;y

where the second line uses Assumption 6.2.3 and the fact that x; is Fy-measurable and {&] , : i € V, s € [b]}
is independent of F;, while the third line is due to Assumption 6.2.4.
6.7.3.2 Proof of Lemma 6.6.7(b) and Lemma 6.6.7(c)

To facilitate the analysis, we first note that the gradient estimator vi in both Algorithm 9 and 10 take the

following form: Vi € V and V¢ > 1 such that mod(¢,q) # 1,
R ,
= EZ ( i(x(, € ) VGi(xi_1, & s)) + Vi
To simplify notation, we denote in this section that

(St = HVt —W<Xt)’ 2, Vit Z 1.

We establish an upper bound on §; that is applicable to both Algorithm 9 and 10.

Lemma 6.7.1. Let Assumption 6.2.5 hold. Suppose that T = Rq for some R € Z. Consider the iterates

generated by Algorithm 9 or 10. Then we have: YT > q,

;Em_“qg [ — 3] 7] + 2422 g [Jeel] + 0 Bl
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Proof. Consider any t > 1 such that mod(t,q) # 1. For convenience, we define: Vi € V,
R LA
d = VG (Xt,£ ) VG (Xt 13515) diZE ::gzdt’ ’
and we clearly have
E[di°|F) = E[d}| ] = Vfilxi) = VSi(xi_y)- (6.79)

As a consequence of (6.79) and of the independence between Ef’s and F; for all i € V and s € [b], we have

E[(di — Vfi(x) + VSilxi_1), 4] = V() + V1,60 )| F] =0, (6.80)
whenever i # r, and

E[(d} = Vi) + Vi(xiy), 4 = VAilx) + Vi(xi_) )R] =0, (6.81)

whenever s # a. Moreover, using the conditional variance decomposition with (6.79) gives: Vi € V and

s € b,
E[[di* - Vfilxd) + Vi )||*17] <E[di]1F]- (6.82)

By the update of v%, we observe that

S .
[5t|-7:t] = %Z (d; Jrvi_1 — sz(xz)) Fi
i=1
- X B )
=E ﬁZ(di*vfi(xi)Jvai(Xi_l)JrVi_l*Vfi(xi_1)> F
i=1
. 1 n 2
=E n;(divmxznwi(xi_l)) .
= nng]EUdz Vfl(Xt)-f—Vfl Xt 1 H ‘]:t:| + 01
n b
- =5 ZZ [\ dp* — Vi) + Vfi<x;‘1>H2\ft} G
n b
< o 2o S B[I67 1] + o 6.53)

where the third line uses (6.79), the fourth line uses (6.80), the fifth line uses (6.81), and the last line

uses (6.82). We note that the mean-squared smoothness of VG(+) implies that for all ¢ € V and s € [b],

E[[ldi*|] < L2E[[|xi - xi”]. (6.84)
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Applying (6.84) to (6.83) gives: for all ¢ > 1 such that mod(¢,q) # 1,
L? 2
E[3] < Z57E|xe —xe1 || +E[6-1]- (6.85)

For convenience, we define

It can be verified that
orq+1<t<(pr+1)g  VE>1

With the help of the above notations, we recursively apply (6.85) from ¢ to (¢rq + 2) to obtain: for all t > 1

such that mod(¢,q) # 1,

t

2
E[at]g% > E[lx = %o ]*] + Elbpugna]. (6.86)

J=ptq+2
Summing up (6.86), we observe that Vz > 1,

zq zq 2 t

L
> OEBl<s Y |5 X B[ x| +Eln] | +E[-nen]
t=(z—1)g+1 t=(z—1)g+2 J=ptq+2
L2 zq t 9
=== > > B[l %]’ + E -]
t=(z—1)q+2 j=(2—1)q+2
L2 zq zq 9
< > Y E[lk x|’ + B [5enen]
t=(z—1)q+2 j=(2—1)q+2
L%(g—1 l
= % > E[ij - xj-1||2] + qE[6(z—1)g+1] (6.87)
J=(z—1)q+2

where the second line uses the fact that ¢, = 2 —1 when (z —1)g+1 <t < zq for all z > 1. Finally, we sum

p (6.87) over z from 1 to R, we obtain: YR > 1,

R zq LQ(q—l) R zq ) R
Y BRI Y Bl x| 1) E[5nen]. (6.88)

2=1¢=(z—1)q+1 z=1j=(z—1)q+2

Recall that T'= Eq and from (6.88) we obtain that VI > g,

Z]E 6] < ZE“Xt_Xt 1H}+QZE (2=1)g+1] (6.89)

Finally, we apply Lemma 6.6.4 to (6.89) to obtain: VT > g,

9 T—1 R
ZE&_ zmwthm] S D07 S g, ] + 0 D Bl
t=1 z=1
which finishes the proof. O

We observe that Lemma 6.6.7(b) follows from Lemma 6.7.1 by §._1)g41 = O for all z > 1, while

Lemma 6.6.7(c) follows by applying Lemma 6.6.7(a) to Lemma 6.7.1, i.e., E[6;_1)q41] < % for all z > 1.
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6.7.4 Proof of Lemma 6.6.8

We first present a simple result that is useful for our later development.

Proposition 6.7.1. Consider the iterates generated by Algorithm 7. The following inequality holds: ¥Vt > 1,
lyes1 — Jyeeal? < Nlye = Iyell> + A2 [ve — via [P+ 2(W- y, — Jyi, (WK = J) (v —vi-1)).  (6.90)
Proof. Using the y-update in Algorithm 7 and Lemma 6.6.3(a), we have: Vi > 1,

[yes1 — Iyesal?

= HWK(Yt + vy — thl) - JWK(Yt + v — Vt71)||2
= [W'ye = Iy: + (W = 3) (v = vers) |

= [ Wy, — 3y (W = 3) (v = ve) [+ 2(WEy — Iy (W = 3) (v = vies)).

and the proof follows by using Lemma 6.6.3(c). O

6.7.4.1 Proof of Lemma 6.6.8(a)

Step 1: Decomposition. Recall that we are concerned with Algorithm 8 in this section. Condition-

ing (6.90) on F;, we have: Vt > 2,

E[lyet1 — Iyeiall®|F]
< N2lys — Jyel? + NE[|[vi — v |P|F] + 2(WEy, = Jyi, (WE = 3)(VE(xs) = vio1))
= N|ly; = Iyi))? + NE[[[vi — v |1 F] + 2(WEy, — Jys, (WE = 3)(VE(xi-1) — vi1))
+2(Why, — Jy,, (W = J) (VE(x;) — VE(x4-1)))
= Nlye = Iyel” + NE[[[ve — veo1|?F] + 2(WEyy, (WE = T) (VE(xe-1) = vie1))

+2(W-y, — Ty, (WK —J)(VE(x;) — VE(x:-1)) ), (6.91)

=:A;

where the first line uses the fact that x;, y;, vi_1 are F;-measurable and also Assumption 6.2.3, while the

last line uses Lemma 6.6.3(a). Towards the last term in (6.91), we observe that V¢ > 2 and ¥n > 0,

A < 2 Wy, 3| (W~ 3)(95(x0) — 95001
< 2y = Iy [AIVE(xe) — VE(xe—1)]
< 2M|ye = Jyel[AL|Ix¢ — x¢—1]|

<A lye = Iyl + 07 INL xp — x|, (6.92)
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where the first line uses the Cauchy-Schwarz inequality, the second line uses Lemma 6.6.3, the third line uses
the L-smoothness of each f;, and last the line uses Young’s inequality. Combining (6.92) and (6.91) leads

to the following: Vt > 2,

E[llyers — Iyera?1F] < 1+ 0Ny — Iyl + 07 A2L2 |xe — x|

+ N E[||ve — v [P 5] +2 (WHy, (WE = J) (VE(x¢-1) = ve-1)).  (6.93)

=:By =:Cy

In the following, we bound B; and C; in (6.93) respectively.

Step 2: Controlling B;. We decompose B; as follows: Vt > 2,

=E[||lve — VE(x) + VE(x¢) — v ||*| 7]

E ||Vt Vf Xt H |]:t} + ||Vf(Xt) — Vi_ 1”

[
[
[
[

IN

E([lve = VEx)[I*|Fe] + 2 VE(xe) = VE(xe—1) |2+ 2[|VE(xe-1) — ve]?
< E[[lve = VEx)|P|1F] + 2L7 % — x¢—1[|* + 2| VE(xi—1) = ve—1]?, (6.94)

where the first line utilizes Assumption 6.2.3 and the fact that Vf(x;) and v;_; are Fi-measurable, while

the last line uses the L-smoothness of each f;. To proceed, we note that V¢ > 1,

2

n b
1
Bllve - Vi I*7] = B || 5 Y voitei. €l - Ve |7
i=1 s=1
1 n b 1/2
_ GZZ [ IVGi(xi,€L,) — Vx| |]-'t] <= (6.95)
where the second line uses the fact that x¢ is J;-measurable and {5?_’1, R ,E;b, Fi} is an independent family
for all ¢ € V. Combining (6.94) and (6.95), we conclude that
9 91 3nv?
E[B,] < 2L°E[|x: — x¢—1[?] + 5 vt > 2. (6.96)

Step 3: Controlling C;. Towards C}, we observe that Vt > 2,

E[Cy|Fi-1] = ]EKWZK (Vi1 + Vi1 — via), (WK =) (VE(x,—1) — Vt—1)>|-/—'.t—1i|

E[(Wvi 1, (WE = 3) (VE(xi-1) = vi1) ) [ Fir |

= E[(W (vi 1 = VE(x,1)), (3= W) (vior = VE(x1)) )| Fia . (6.97)

where the first line uses the y-update in Algorithm 7, while the second and the last line use Assumption 6.2.3

with the F;_i-measurability of y;—1, vi—o and Vf(x;_1). To proceed, note that for all ¢ > 1 we have

E[(vi = Vi(xi),vi = V)R] =0, (6.98)
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whenever i # r. In light of (6.98), we proceed from (6.97) as follows: Vt > 2,

E[Co|Fi 1] = E[(vio1 — VE(x1)) | (T = (WE) TW2K) (v — VE(x,_1)) yft_l},

]E[ Vi1 — VE(x, 1)) diag(T — (WT)EW2E) (v, — VE(x, 1)) ny}
[ Vii1 — VE(x;_1)) " diag(3) (ve_1 — Vf(xt_l))\]-}_l]
E

\.—ﬁ

[||Vt 1= VEx )P Fia]

<

(6.99)

@‘Tﬁ

where the first line uses Lemma 6.6.3(a), the second line uses (6.98), the third line uses the entry-wise

nonnegativity of W, and the last line uses (6.95). Therefore, we conclude from (6.99) that

V2

ElC) < 5,  Vix2 (6.100)

Step 4: Putting bounds together and refining. We substitute (6.96) and (6.100) into (6.93) to

obtain: Vt > 2,

E[llyes1 = Iyeral?] < 1+ n)NE[lye = Iyell?] + (7" + 2N LE[llxe — xe-1]%] + (3A*n + 2)2 /0.

(6.101)
Setting n = )\)5 , we have: Vt > 2
14+ A2 2)\2L?2 3\2n + 2)v?
Blllyes — Iyenal?] < 25 B Iy - Iyl + 2R -l + P )
We then apply Lemma 6.6.2 to (6.102) to obtain: VT > 2,
T+1 2 T
2E[[ly2 — Jy2l?] | 4A*L? 2T — 1)(3)\2n + 2)12
Ellly: — Jy:|I*] < E[llx: — x¢—1])°
Z |:||Yt ytH ] = 1— )\2 =+ (1 _ )\2)2 tz:; [”Xt Xt 1|| ] + b(]. _ )\2)
(6.103)
Since y; = vg = 0y, we have
Elllyz — Iyo[I’] = E[(W" = D)vi[?] < NE[|[v1[I*] = N||VE(x)|* + NE[|lvi — VE(x1)[|]
< A VE(x1)]|2 + A2nv? /b, (6.104)

where the second line uses Lemma 6.6.3(b), the third line uses Lemma 6.2.3, and the last line is due to (6.95).

Finally, we apply (6.104) to (6.103) to obtain: VT > 2,

T+1 2,2 272 T 2 2 2,2
22%n¢ 4N\°L 2T (3N*n + 2)v 2\ nv

E _ 2] <« § _ 2

— Elllye = JylF] < 1-22 0 (1-22)2 & et =11 b(1 — \2) b(1—A2)’

The proof of Lemma 6.6.8(a) follows by applying Lemma 6.6.4 to the above inequality with minor manipu-

lations.
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6.7.4.2 Proof of Lemma 6.6.8(b) and 6.6.8(c)

We first establish a gradient tracking error bound that is applicable to both Algorithm 9 and 10. For ease

of exposition, we denote
T, = ||ve — VE(x)|?,  Vt>1. (6.105)

Lemma 6.7.2. Let Assumption 6.2.5 hold. Suppose that T = Rq for some R € Z. Consider the iterates

generated by Algorithm 9 or 10. Then we have: VYT > 2q,

T+1 2 272 T 2, 272 7T-1
2)\ n( 96)\ L 48)2naL _
ZE lye — Jyel’] < )2 ZE Ix¢ — Ixe||*] + -2 E[llg:|I]
t=1
1z =
A 22:0 E[Y.q+1]- (6.106)

Proof. We first recall from (6.90) that V¢ > 1,
[ver1 — Jyestll® < N lye — Iyel? + N2l ve — v ||® + 2<WKYt = Jye, (WK —J)(vi —ve-1)). (6.107)

In the first two steps, we refine (6.107) for mod(¢,q) # 1 and mod(t,q) = 1 respectively.

Step 1: consider any t > 2 such that mod(¢,q) # 1. From (6.107), we observe that for all n > 0,

yers = Iyeeal? < A2y = Iyell® + A[lve = veor |2 + 2| Wy, = Jyi||[|(WE = 3) (ve = viea) |
< Nlye = Iyell? + N2[lve = via||® + 222 ||ye — Jye|[[|[ve — vea |

< XA +n)llye = Iyell® + XL+ 07 H)Ive — vea|?, (6.108)

where the first line uses Cauchy-Schwarz inequality, the second line uses Lemma 6.6.3, and the last uses
Young’s inequality. Setting n = n (6.108) gives:

2+ A2(1+ )%

1= )\ Hvt — Vi 1” (6109)

)\2
ly: —Jye

[yerr — Iyesa]® <

Note that
2

Ellve —vial?] = z":

i( (kL) — Vi1, €LL))

IA
[~ R
HM:
HM@
?
Q
34

) VG, (Xf 17519 H }
< LQIE[th —x¢_1]?], (6.110)
where the last line uses the mean-squared smoothness. Applying (6.110) to (6.109), we obtain:

14+ )2 2\2L2
5 Ellly:e = Iyl’] + —3Ellx =% ]] (6.111)

E[llyes1 — Jyesal?] <
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Step 2: consider any ¢ > 2 such that mod(¢,q) = 1. In this case, we have E[v,|F;] = Vf(x;). Taking

the conditional expectation of (6.107) with respect to the filtration F;, we obtain

E[llyer1 — JyeealP1Fe] < Nllye — Iyell” + NE[[[ve — veea][F]
+2(W-y, — Ty, (WK =) (VE(x) — vi_1))

< XA+ 0)llye — Iyel® + NE[[ve — v |P|Fe] + X0 VE(xe) — v |)?,
(6.112)

where the first line uses the fact that x; and y; are F;-measurable and the second line follows a similar line

of arguments as in (6.108). Setting n = % in (6.112), we obtain:
o 1+ 21 | r\2 2 22 5
Efllys11 = Jyeal?] < > Ellly: — Jyell’] + NE[|lve — veal]*] + mE[HVf(Xt) —vil?]. (6.113)

We recall the definition of T; in (6.105) and observe that
||Vt — Vt_1||2 = ||Vt — Vf(Xt) + Vf(Xt) - Vf(Xt_l) + Vf(Xt_l) — Vt—1||2

< 3Y; + 3| VE(x) — VE(xe_1)||* + 301

< 3Y; 4 3L%||x¢ — x¢—1||? +3Ts_1, (6.114)
where the last uses the L-smoothness of each f;. Similarly, we have
IVEx) = Vi |2 = [IVEGx) = VE(xi-1) + VE(x11) — Vo]
(6.115)

é 2L2||Xt — Xt71H2 + 2Tt,1.

Plugging (6.114) and (6.115) into (6.113) gives

1+ A2 AN
Bllye — 33:lP) + (332 + 1255 ) 2B [l - x|

E[llyer1 — Jyea|?] < 5
+3NE[T¢] + 3A2+£ E[Y:_1]
t 1_ 22 t—1
AN2L2 ANE[T,_
E[|[x; — xi_1]%] + 3X°E[T1,] + 1_[7;21]

1+ A2
S E[lly: — Jy:|?] + =
(6.116)

Step 3: combining step 1 and step 2. Combining (6.111) and (6.116), we obtain: Vt > 2,

14+ )2 4N2L?

E[lyer1 — Jyel?] < 5 Ellly: — Jyell?] + 10
ANE[Y;_

+ 1 {mod (t,q)=1} (SAQIE[Tt] + 1[;21]) : (6.117)

E[[lx¢ — x¢—1]%]
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Let T' = Rq for some R € Z*. We apply Lemma 6.6.2 to (6.117) to obtain: VI' > 2gq,

T+1

Z E(lly: — Jy:l’]
t=2
E[ly: = Jyal?] | 83202 a 6A2E[T,]  SA2E[T,_,]
> 1 \2 + (1 — )\2)2 tZ:;E[”Xt - Xt—1||2] + tz:; ]l{mod (t,q)=1} ( 1_ )\Qt (1 — )\;)2 )
E[lly2 — Jy2|?] BAZL? = 6)\2 82
- 1— )\2 + ( ) Z [th — X¢— 1” + Z ( zq+1] + WE[TZq]> .
(6.118)
Note that
Elllys — Jyal®] = E[[(W = I)v1[[*] < NE[||v1[*] = N[ VE(x1)[1* + NE[T] (6.119)

Applying (6.119) to (6.118) gives the following: VT > 2¢,

T+1

> Elllye — Iyil?]
t=2

2A2nC? SA2L2 & 22 6)2 = 82
< VAP ;E [x: — x¢1|°] + —5E[T1] + —— Z E[Y.q41] + (ESSE ZZ E[Y.,]
T
t=

- 1-)2 1— X2 1— )2

6/\2 = 8A2

)\2 2
2X%n(¢ ZE wgt1] Ty E[Y.,] (6.120)

- 1)

“r( )\2) - [
+(18i f)z [l = i1 ]

Step 4: bounding E [TJ . The derivations in this step essentially repeat the proof of Lemma 6.7.1. Recall

the definition of Y in (6.105). Consider any ¢ > 1 such that mod(t,¢) # 1 and define: Vi € V,

-

@M—\

di’s = VGI(X;’ 55,5) - VGi(Xiflv Eﬁ,s), :
By the update of v, we observe that

E[Y:|F ZE[ |} +vi_y = Vfilx; H |]:t:| = ZE[Hd; —Vilx) + Vfi(xi ) +vi, — Vfi(Xi_l)Hz |]__t}
=1
= SE[ld} - Vi) + V)| R+ T
=1
n b
= 2 S E[ldi - V) + VA |PIF] + T

i=1 s=1
1 n b o
< o >0 B[l |P[F] + Tooa, (6.121)
i=1 s=1
where the above derivations follow a very similar line of arguments as in (6.83) and thus we omit the detailed

explanations. Taking the expectation of (6.121) and using the mean-squared smoothness of VG(, &), we

obtain

E[T] < L;E[sze = xe-1 ] + E[Te]. (6.122)
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For convenience, we define ¢; := LtqlJ YVt > 1. It can be verified that ¢;q +1 < ¢t < (¢ + 1)g,Vt > 1.

Recursively applying (6.122) from ¢ to (¢; + 1), we obtain
Lr )
E[T:] < > Ellx —xj-1l?] +E[Y,,]. (6.123)
In particular, taking t = zq for some z € Z* in (6.123) gives
2 & )
E[Y.,] < > Elllx = %1 + E[Y1ygr1)- (6.124)

Jj=(z—1)q+2

We sum up (6.124) over z from 1 to R to obtain:

R 12 R zq R
> B[] < - S0 Ellx —xalP] + D E[Ym1yg]
z=1 z=1 j:(zfl)quQ z=1
L2 T R—1
<5 2 E[|lx; — x¢—1?] + ; E[Y.qt1]- (6.125)

Step 5: putting bounds together. Applying (6.125) to (6.120) gives the following: VT > 2g¢,

T+1
Z E[lly: — Jyel?]
t=2
2222 1\ 8\L2 & 6)\2 = A2
< 2 +(1+) (o 2 Bl xall] + 125 S BT WZ Topis]
z=0 z2=0
2A2nc2 16)\2L2 a 1 =
STt 2 Z]E ¢ —x-11%] + (SR > E[Y.q4a]. (6.126)
z=0
Plugging Lemma 6.6.4 into (6.126) finishes the proof. O

Note that Lemma 6.6.8(b) follows from (6.106) by Y.,+1 < nv?/B for all z € ZT, while Lemma 6.6.8(c)
follows from (6.106) by Y.,11 =0 for all z € Z*.

6.8 Conclusion

In this chapter, we have studied decentralized non-convex non-smooth composite problems under expected
or empirical risk. This formulation generalizes the problems considered in the previous chapters by adding
an extended valued, convex, possibly non-smooth regularization term to the risk functions. In this context,
we propose the first provably efficient decentralized proximal gradient framework whose instances achieve
gradient and communication complexities that match the centralized optimal methods for the corresponding
problem classes. Several technical lemmas in the convergence analysis are of independent interest and helpful

to analyze other decentralized algorithms based on similar principles.



Chapter 7

Epilogue

We now revisit the major contributions of this thesis. In this thesis, we study several fundamental classes
of decentralized stochastic non-convex optimization and learning problems over heterogeneous data, with
emphasis on machine learning and signal processing applications. In particular, we propose a family of
provably fast and robust decentralized algorithms with the help of gradient tracking, variance reduction,
mini-batch stochastic gradient, and multi-round accelerated consensus techniques. We further prove that
these decentralized algorithms, with appropriate parameters, achieve optimal gradient and communication
complexities for the corresponding problem classes. In light of these convergence results, we provide a the-
oretical justification that decentralized optimization methods can outperform the corresponding centralized
optimal ones in regimes of practical significance, e.g., when the communication network is of low bandwidth
or the power budget at each node is limited. Throughout the thesis, we also provide numerical illustrations
to validate our theoretical results. The convergence analysis and several intermediate technical results devel-
oped in this thesis are of independent interest and may be helpful to address other decentralized non-convex

formulations. In the following, we recap the contributions of each chapter.

e Chapter 2: smooth strongly-convex empirical risk minimization. In this chapter, we have pro-
posed a novel framework for constructing variance-reduced decentralized stochastic first-order methods
over undirected and weight-balanced directed graphs that hinge on gradient tracking techniques. In
particular, we derive under this framework decentralized versions of the centralized SAGA and SVRG al-
gorithms, namely GT-SAGA and GT-SVRG, that achieve accelerated linear convergence for smooth and
strongly convex functions compared with existing decentralized stochastic first-order methods. We
have further shown that in the big-data regimes, GT-SAGA and GT-SVRG achieve non-asymptotic, lin-
ear speedups in terms of the number of nodes compared with centralized SAGA and SVRG. Extensive

numerical experiments based on real-world datasets are provided to validate our theoretical findings.
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e Chapter 3: smooth non-convex empirical risk minimization. In this chapter, we have proposed
two decentralized variance-reduced first-order gradient methods, GT-SARAH and GT-SAGA, to minimize a
finite-sum of N smooth non-convex cost functions equally distributed over a decentralized network of n
nodes. With appropriate algorithmic parameters, GT-SARAH achieves significantly improved gradient
complexity compared with the existing decentralized stochastic gradient methods. In particular, in a
big-data regime n = O(N'/2(1 — \)3), the gradient complexity of GT-SARAH reduces to O(N'/?Le~?2)
which matches the centralized lower bound for this problem class, where L is the smoothness parameter
and (1 — \) is the spectral gap of the network weight matrix. Furthermore, GT-SARAH in this regime
achieves non-asymptotic linear speedup compared with the centralized optimal approaches such as
SPIDER [49,50] and SARAH [48] that perform all gradient computations on a single machine. Compared
with the implementations of SPIDER and SARAH over server-worker architectures [132], the decentralized
GT-SARAH enjoys the same non-asymptotic linear speedup in terms of the gradient complexity, however,
admits sparser and more flexible communication topology and thus reduced total run time. In a large-
scale network regime like the Internet of Things (IoT) where the number of nodes and the spectral
gap of the network are considerably large, we show that GT-SAGA provably achieves faster convergence

rate and more practical implementation than GT-SARAH and other existing decentralized algorithms.

e Chapter 4: general smooth expected risk minimization. In this chapter, we have comprehen-
sively improved the existing convergence results of decentralized stochastic first-order methods based
on gradient tracking for online stochastic non-convex problems. In particular, for both constant and
decaying step-sizes, we systematically develop the conditions under which the performance of GT-DSGD
matches that of the centralized minibatch SGD for both general non-convex functions and non-convex
functions that further satisfy the PL condition. Specifically, we show that if the required error tolerance
of the solution is small enough, then GT-DSGD matches the centralized lower bound for these problem
classes. Our convergence results significantly improve upon the existing theory, which suggests that
GT-DSGD is strictly worse than the centralized minibatch SGD. For a family of stochastic approxima-
tion step-sizes, we establish, for the first time, the optimal global sublinear convergence to an optimal

solution on almost every sample path of GT-DSGD, when the global function satisfies the PL condition.

e Chapter 5: non-convex expected risk minimization with mean-squared smoothness. In this
chapter, we have investigated decentralized stochastic optimization to minimize smooth non-convex
cost functions distributed over networked nodes. Under the assumption that the stochastic gradient
satisfies the mean-squared smoothness condition, we propose GT-HSGD, a novel single-loop decentralized

algorithm that leverages local hybrid variance-reduced estimators and gradient tracking to achieve
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provably fast convergence rate and robust performance under heterogenous data. Compared with the
existing decentralized online variance-reduced methods, GT-HSGD achieves a lower gradient complexity
with a more practical implementation. We further show that GT-HSGD matches the centralized lower
bound for this problem class, when the required error tolerance is small enough, leading to a linear

speedup with respect to the centralized optimal methods that are implemented on a single machine.

e Chapter 6: non-convex non-smooth composite problems. In this chapter, we have developed
a unified stochastic proximal gradient tracking framework, called ProxGT, for decentralized non-convex
non-smooth composite minimization problems with empirical or expected risk. Here, a decentralized
network of nodes collaborates to find a stationary point of the average of smooth non-convex local
costs plus an extended valued, convex, possibly non-smooth global regularizer that enfores additional
structures to the problem. This composite formulation is considerably general and covers many prac-
tical applications of interest such as sparse and constrained optimization problems. We specifically
develop instances of ProxGT that achieve optimal gradient and communication complexities simulta-
neously for different problem classes. In the convergence analysis, we establish a novel decentralized
stochastic proximal descent inequality and a new proximal consensus error bound which may be of
independent interest and can be helpful to analyze other decentralized stochastic algorithms based on

similar principles such as proximal variants of DSGD.
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